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ABSTRACT
BEHAVIO«, AND ECOLOGICAL FACTORS INFLUENCING OVEPOSITION OF

ACROBASIS VACCINII (RILEY) (LEPIDOFIERA: PYRALIDAE), THE
^^KERRY FRUITWORM, WITH IMPLICATIONS FOR PEST MANAGEMENT
FEBRUARY 2000
ANDREA KENT OSGOOD ROGERS, B.A., SWARTHMORE COLLEGE
M.S., UNIVERSITY OF MINNESOTA
Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST
Directed by: Professor Anne L. Averill

The cranberry fruitworm, Acrobasis vaccinii (Riley) (Pyralidae), is the most
important insect pest of Massachusetts cranberries. The female lays her eggs individually
in the calyxes of developing fruits. Upon hatching, the larva eats its way into the fruit
and consumes it, whereupon it moves to another. Because the immatures are protected
inside fruits, insecticides target the adult and egg stages. Growers wishing to practice
integrated pest management (TPM) engage scouts to collect and check berries for eggs to
determine whether spraying is warranted. However, their protocol was devised with
limited knowledge of egg distribution or the relationship between eggs found and yield
loss. Better understanding of the oviposition behavior of the female and of egg
distributions is essential for effective monitoring.
The quest to optimize scouting efficiency led me to explore the physical properties
of cranberries and their immediate environment in order to identify factors influencing
oviposition. Mechanosensory stimuli, inducing surface texture, conformation, size,
geoorientation, and moisture content of the oviposition substrate, are important
determinants in insect oviposition site selection, comprehensively reviewed in Chapter 1.
In laboratory choice experiments described in Chapter 2,1 manipulated the surface
texture, conformation and gedorientation of cranberries and showed that physical contact
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with a natural calyx is important in eliciting oviposition. In field choice experiments, I
showed that females are more likely to oviposit on the uppermost berries and on berries
growing in abundant foliage.
The balance of my research was designed to characterize the egg spatial
distribution in commercial cranberry bogs and to develop an empirically-based IPM
scouting protocol. Six bogs were intensively sampled and their egg distributions were
modeled in Chapter 3 using Taylor’s Power Law (Taylor, 1961), variance = a*mean^.
However, exponential and logarithmic versions of the model produced different
regressions. Comparisons of their performance demonstrated that exponential models
usually produced more satisfactory descriptions of the variance to mean relationship.
Analyses of the published data sets Taylor employed, presented in Chapter 4, obtained
comparable results. In Chapter 5,1 developed and tested a new scouting protocol based
on the exponential model, which outperformed the original protocol in field trials.
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CHAPTER 1

THE ROLE OF TACTILE PHYSICAL FACTORS IN INSECT
OVIPOSITION SITE SELECTION

Introduction

A female insect engaged in the process of reproduction may exploit a
multiplicity of sensory modalities during oviposition site identification and acceptance,
including olfaction, contact chemoreception, vision, and touch (Ramaswamy, 1988;
Ren wick and Chew, 1994). The overwhelming majority of interest has been focused on
the chemical modalities (Miller and Strickier, 1984). However, it is becoming apparent
that visual and tactile stimuli are often as indispensable as chemical cues in oviposition
site selection, although they may impinge upon different stages in the sequence of
behaviors that culminate in oviposition. While discussions and reviews of the
importance of physical factors in oviposition have concentrated more on visual cues
(e.g., Prokopy and Owens, 1983; Chew and Robbins, 1984; Renwick and Chew, 1994),
there is a large and unsystematically reviewed body of literature exploring the role of
tactile cues. It reveals that mechanosensory stimuli "are frequently of paramount
importance" (Beck and Schoonhoven, 1980) in the post-alightment stages of oviposition
site selection, involved both in host acceptance and in location of the specific site for
egg-laying. Many species that oviposit on plants make within-plant decisions primarily
or exclusively on the basis of mechanical stimulation (Callahan, 1957; Yamaoka and
Hirao, 1973; Beck and Schoonhoven, 1980; Chadha and Roome, 1980; Hattori, 1988).
Thorsteinson (1960) observed that oviposition may be unique among insect behaviors in
that it can be elicited by tactile stimuli alone.
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This paper reviews what has been learned about the role played by tactile
physical characteristics of the oviposition site in the oviposition behavior of insects.
Most species that have been studied are phytophagous and oviposit on their host plants,
although a few oviposit into the soil, usually near host plants; others are entomophagous
and oviposit into or onto other insects. Most studies employed Lepidoptera or Diptera,
while Hymenoptera, Coleoptera, Homoptera, and members of other orders have been
examined to a lesser extent I begin by reviewing the large number of studies that has
explored the influence of physical characteristics of surfaces, particularly leaves, on
oviposition. Subsequent sections discuss reports examining the importance of the
shape, size, geoorientation, and moisture content of oviposition sites. Only studies that
measured oviposition directly are included; I excluded studies that estimated
oviposition by measuring larval emergence or by population counts of immature or
adult stages. In a few studies, the interplay between tactile and chemical or visual
stimuli was explored, but most restricted themselves to the mechanosensory channel.
Even when the role of other modalities was not considered, the reader should bear in
(re¬
mind that most insects rely all their senses, either simultaneously or sequentially, and
A
that interactions between them are likely to be significant in most systems.

Surface Characteristics

The physical property of plants that has been by far the most widely studied for
its impact on insects is the quality of the surface. Surface texture has been shown to be
the predominant physical factor responsible for plant resistance to insects in a wide
range of systems, affecting both oviposition and feeding behavior. Painter (1951) and
Webster (1975) compiled comprehensive reviews of early studies of the relationship
between pubescence and resistance, while Norris and Kogan (1980), Stipanovic (1983),
Southwood (1986) and Ramaswamy etal. (1987; Ramaswamy, 1988) briefly
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summarized some of the more recent work. This section summarizes their more
important citations as well as other contemporary and more recent studies.
A variety of species that oviposit on plants lay more eggs on pubescent surfaces
than on glabrous ones (Benedict et al., 1983). Thus, the opposition rate of Heliothis
viriscens (F.) (Noctuidae), the tobacco budworm, in field cages was consistently
correlated with trichome density when offered two, three, or nine cultivars of cotton
(Robinson et al., 1980).1 A similar, albeit weaker, correlation was obtained in one of
two soybean isolines tested in laboratory choice experiments (Ramaswamy et al.,
1987). Navasero and Ramaswamy (1991) found that this preference (sensu Singer,
1986) persisted across species; in laboratory choice tests, opposition rates on eight
crops were roughly correlated with trichome density. Opposition in two other
Heliothis species, H. armigera (Hiibner) and H.punctigera (Wallengren), was also
roughly related to trichome density in lab and field choice tests (Hasson etal., 1990).
Opposition by the related species Helicoverpa zea (Boddie) (Noctuidae), the com
earworm, was highest on pubescent soybean isolines in field and greenhouse choice
experiments (Lambert and Kilen, 1989) and on the most pubescent parts of com and
millet plants (Southwood, 1986), and in field studies comparing many cotton cultivars,
combined Heliothis and Helicoverpa opposition on hirsute and glanded varieties was
consistently higher than on glabrous strains (Lukefahr et al., 1971). Within-plant
differences in trichome density may further influence opposition site selection; both H.
viriscens (Robinson et al., 1980) and another noctuid, Earias vitella (Fabr.), the cotton
spotted bollworm (Mehta and Saxena, 1970), laid more eggs on the more pubescent
lower leaf surface, irrespective of its orientation, in laboratory choice tests.
Lygus herperus Knight (Miridae) laid more eggs on a pilose (densely pubescent)
than on hirsute (normally pubescent) or glabrous cotton isolines in no-choice
greenhouse experiments (Benedict etal., 1983). Hirsute soybean varieties were
1 All field experiments described are choice experiments unless stated otherwise.
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preferred by Plathypena scabra (F.) (Noctuidae), the green cloverworm (Pedigo, 1971),
and Etiella zinckenella Treitschke (Pyralidae), the limabean pod borer (Hattori and
Sato, 1983; Hattori, 1988) in laboratory choice experiments, and by Grapholitha
glicinivorella Matsumura (Tortricidae), the soybean pod borer (Nishijima, 1960) in the
field. The latter two species also accept glabrous varieties but their patterns of
oviposition thereon are distinctly different, suggesting the existence of alternative
oviposition site selection strategies (see below). Using a rather unusual approach.
Sparks (1973) found that Manduca sexta (L.) (Sphingidae), the tobacco homworm, laid
more eggs on a hairy (squash) nonhost than on a glabrous (bean) nonhost in both choice
and no-choice situations, whether the nonhosts were treated with host extract or not.
Covering squash leaves with waxed paper resulted in a reduction in oviposition. Since
squash is not normally a host, Sparks concluded that reduction in oviposition on
covered leaves was caused by the elimination of tactile, rather than chemical, cues.
The need to develop monitoring protocols for whiteflies (Aleyrodidae) has
stimulated numerous studies to identify the influence of surface characteristics of a
variety of hosts on oviposition. By and large, they concur in finding that several of the
most economically important species oviposit preferentially on pubescent leaves,
although they are deterred by extreme hairiness. In a seminal field study on cotton.
Mound (1965) found higher rates of oviposition by Bemisia tabaci Gennadius, the
tobacco whitefly, on a hairy Sakel variety than on its glabrous relative, even when adult
populations were comparable. However, oviposition by individual females confined
within clip cages did not differ between these varieties. In greenhouse choice
experiments, B. tabaci laid significantly more eggs on pilose than hirsute or glabrous
cotton isolines (Butler et al., 1986). When the trichomes were shaved off half of each
host leaf, significantly more eggs were laid on the unshaved side of the pubescent
isolines. Similarly, significantly more eggs of B. argentifolii Bellows and Perring, the
silverleaf whitefly, were found on hirsute than on pubescent or glabrous soybean
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isolines in field plots on most sampling occasions (McAuslane etal, 1995). In one of
two years, Lambert etal. (1995) also found a correlation between trichome density and
opposition by B. argentifolii and Trialeurodes abutilonea (Haldeman), the
bandedwinged whitefly, in a field trial involving 14 cultivars of soybeans. In the most
meticulous study of whitefly oviposition, Heinz and Zalom (1995) compared daily
oviposition of 50 individual B. argentifolii females/cultivar on 20 commercial cultivars
and 7 related wild species of tomato in lab no-choice experiments. Variation in
trichome density between commercial cultivars explained 29 to 45% of the variation in
oviposition, and oviposition was significandy correlated with within-cultivar variation
in trichome density for 10 of the 20 cultivars. These relationships were not evident
among the wild tomatoes; evidently other factors predominated in oviposition decisions
on these species. Field trials qualitatively corroborated the rank order of preference of
commercial cultivars identified in the lab, although the Kendall coefficient of
concordance (W) failed to achieve statistical significance. The only study that
demonstrated a preference for lower pubescence examined B. tabaci opposition on four
cucurbit species in the greenhouse (Kishaba et al., 1992); however, the less hairy
cucurbits are hairier than hirsute soybean (McAuslane et al., 1995). Interestingly, no
relationship between the pubescence and acceptability of hosts has been reported for T.
vaporariorum (Westwood), the greenhouse whitefly (van Lenteren and Noldus, 1990).
Within-plant differences in leaf acceptability to whiteflies have been observed
both in whole-plant (Mound, 1965; Ohnesorge etal, 1980; Butler etal., 1986; van
Lenteren and Noldus, 1990) and single-leaf (Heinz and Zalom, 1995; Liu and Stansly,
1995) studies, and have been variously attributed to leaf hairiness (Mound, 1965; Heinz
and Zalom, 1995), age (van Lenteren and Noldus, 1990; Liu and Stansly, 1995), and
position (Ohnesorge etal, 1980; Butler et al, 1986; Liu and Stansly, 1995). In fact,
these factors are interrelated; Kamel (1965), Ohnesorge etal (1980) and Heinz and
Zalom (1995) found that trichome density decreases with leaf age and therefore
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increases with leaf height in several crops. The above-cited whitefly studies all found
greatest oviposition on the highest, youngest, and/or hairiest leaves, with the exception
of Mound (1965), who found that the topmost incompletely expanded leaves of a hairy
(but not a glabrous) cotton cultivar were largely rejected for oviposition by B. tabaci.
Generally, in both within- and between-host comparisons, a moderate level of hairiness
appears to elicit maximum oviposition in commercially important whitefly species (van
Lenteren and Noldus, 1990), presumably because very dense hairiness prevents adults
from penetrating to the leaf surface for feeding and oviposition (Mound, 1965).
While experiments comparing the acceptability of different plant cultivars or
species are illuminating, there is always the danger that the effects of physical
differences may be confounded with the effects of chemical or other factors. In order to
circumvent this possibility, many authors have compared oviposition on nonplant
surfaces in laboratory and greenhouse experiments. (Plant-derived chemicals in paper,
muslin, etc., substrates are a factor that no one, to my knowledge, has considered but
which may warrant attention.) In several species, there has been a reassuring
correlation between the patterns of preferences observed among artificial and natural
substrates. For example, Robinson etal. (1980) found in lab choice and no-choice
experiments that H. viriscens laid significantly more eggs on hairy fabrics (muslin and
cheesecloth) than on smooth ones (rayon or netting) or on paper. Similarly, Callahan
(1957) found that H. zea oviposited more readily on villous fabric than on smoother
natural or artificial substrates, while Porter (1984, in Ramaswamy, 1988) found that its
oviposition rate on cloth surfaces increased with the hairiness of the fabric. Mehta and
Saxena (1970) found that E.fabia laid 96% of its eggs on muslin over filter paper, and
Pedigo (1971) found that P. scabra would oviposit on a range of rough surfaces,
including blotter and tissue paper, gauze, and burlap, but rejected waxed paper (as well
as some other rough substrates). Most significantly, the acceptability of blotter paper
increased if it was roughened with a wire brush. Gupta and Thorsteinson (1960) found
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that Plutella maculipennis (Curt.) (Plutellidae), the diamondback moth, oviposited more
readily on "rugose" than smooth plastic vial caps; more generally, Thorsteinson (1960)
found that any irregular polyethylene surface received more ovipositions than a smooth
one. Agrotis ipsilon (Hufn.) (Noctuidae), the greasy cutworm, laid eggs exclusively on
the screen walls of its cages, rejecting the paper walls (Mansour and Salem, 1977).
Eorewna loftini (Dyar) (Pyralidae), the Mexican rice borer, laid more eggs on both host
(dead leaf) and nonhost (tissue paper) rough substrates than on nonhost smooth
substrates (waxed paper) in no-choice tests (van Leerdam et al., 1984).
Phthorimaea operculella Zell. (Gelechiidae), the potato tuber moth, preferred a
variety of rough surfaces, including cheesecloth and sponge, while rejecting silk and
glass (Meisner et al., 1974). Moreover, this discrimination persisted even when the
surfaces were covered with muslin (Fenemore, 1978), although a muslin covering
increased the acceptability of less acceptable surfaces (Traynier, 1975; Fenemore,
1980). When offered a range of mesh or groove spacings and depths, oviposition of
both P. operculella (Fenemore, 1978) and Tineola bisselliella Hum. (Teneidae), the
webbing clothes moth (Kan and Waku, 1985), was highest on substrates having
openings just large enough to accommodate their eggs. Depressions that were shallow
enough to allow the ovipositor to contact the bottom were preferred over deeper
grooves and unbacked mesh. In a revealing experiment, Traynier (1975) found that
sandpaper was completely rejected by P. operculella. This suggests that the preference
for rough surfaces in both these species resulted from their attempts to oviposit into
egg-sized irregularities. Fenemore (1978, 1988) concluded that an acceptable surface is
characterized by depressions, rather than projections, because eggs can be deposited
within them.
Several dip ter an species also preferentially oviposit onto rough surfaces whose
cavities accommodate eggs individually or in clusters. In no-choice laboratory trials,
Cochliomyia hominovorax (Coquerel) (Calliphoridae), the screwworm, oviposited more
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readily into either natural or rayon cotton than onto filter paper (Hammock, 1991).
Three Aedes species (Culicidae) of mosquito also preferred to oviposit on relatively
rough surfaces (cotton, gauze, and toweling) over filter paper in laboratory choice trials
(Beckel, 1955; Thompson and Dicke, 1965). When Aedes vexans (Meigan) females
were offered a choice of rough substrates composed of sands of different particle sizes,
the most eggs were laid on the substrate whose interstitial spaces were just large enough
to accommodate clusters of 6 to 8 eggs (Russo, 1978). The second largest number of
eggs was laid on the substrate whose interstitial spaces just accommodated single eggs.
In another series of lab choice experiments, Mayetiola destructor (Say)
(Cecidomyiidae), the Hessian fly, strongly preferred to deposit eggs in grooves on
waxed filter paper strips that had been scored using a comb made of minuten pins than
to oviposit onto unscored strips (Harris and Rose, 1990). M. destructor females
responded to the surface properties of their natural host in an analogous manner,
depositing their eggs "in orderly rows" along leaf veins of a glabrous wheat variety and
often up against hairs of a pubescent one (Roberts et al., 1979).
Another array of species has been found to reproduce at a greater rate on
glabrous surfaces. In field trials, oviposition by Empoascafabae (Harris)
(Cicadellidae), the potato leafhopper, was higher on glabrous varieties of soybeans
(Robbins and Daugherty, 1969). In laboratory choice tests, reproduction by nymphs of
two aphidids, Siphaflava (Forbes), the yellow sugarcane aphid, and to a lesser extent
Schizaphis graminwn (Rondani), the greenbug, was lower on five pubescent wheat
varieties than on three intermediate and glabrous varieties (Webster et al., 1994).
Similarly, reproduction by Aphis gossypii Glover, the cotton aphid, in field clip cages
was higher on a smooth cotton variety than on two hairy varieties (Kamel and
Elkassaby, 1965). Resistance of wheat to Oscinella frit L. (Chloropidae), the frit fly, is
partly due to the deterrent effect of pubescence on oviposition (Belyaev and
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Kharchenko, 1936), although coleoptile configuration is the more important component
(see next section).
In the field, caged Diatraea grandiosella Dyar (Pyralidae), the southwestern
com borer, laid more eggs on shaved than intact areas of Cacahuacintle, a densely
pubescent com variety (Poston et al., 1979). While this experiment was not controlled
for possible changes in the chemical profile of the shaved host plants, analogous results
were obtained when moths were offered a choice of intact blotting paper and blotting
paper that had been roughened with a wire brush. The congener D. saccharalis (F.), the
sugarcane borer, laid significantly more eggs and egg masses on glabrous than on
pubescent sugarcane in choice and no-choice greenhouse tests. Opposition on
pubescent sugarcane did not differ significantly from that on three nonhost species in
choice tests (Sosa, 1990). Moreover, in the no-choice situation, 70% of oviposition on
the pubescent variety occurred on leaf midribs (which I infer are smooth), as opposed to
only 10% in the glabrous varieties, and significantly more eggs were laid on the pots
and soil (Sosa, 1988).
A series of studies of resistance of numerous varieties of wheat, oats and barley
to Oulema melanopus (L.) (Chrysomelidae), the cereal leaf beetle, found that this insect
was extremely sensitive to even slight pubescence (Schillinger and Gallun, 1968), while
densely pubescent wheat varieties were essentially resistant (Gallun etal., 1966,1973).
'When offered only pubescent wheat varieties, insects oviposited onto the cage, substrate
or areas of hosts where trichomes had been removed by feeding (Schillinger and Gallun,
1968). In an imaginative comparative study of 9 wheat lines, Hoxie etal, (1975)
demonstrated that oviposition was dramatically suppressed by increases in both
trichome density and trichome length, and that these factors acted independently. On
oats, however, pubescence did not lead to a significant decrease in O, melanopus
oviposition in either lab or greenhouse choice tests (Smith and Webster, 1974). Smith
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and Webster concluded that the long, sparse hairs characteristic of oat pubescence were
a less effective deterrent than the short, dense hairs typical of wheat.
In a series of field tests, Wannamaker (1957) and Wessling (1958a, 1958b)
demonstrated that oviposition by Anthonomus grandis Boheman (Curculionidae), the
boll weevil, was significantly lower on strains of Upland cotton homozygous for either
of two single gene hairy mutations than on their "normal" sister strains. Two strains
bearing a mutation for increased trichome density received fewer ovipositions than one
bearing a mutation for increased trichome length, while two other strains incorporating
both mutations received fewest ovipositions (Wessling, 1958b). Interestingly, the
results of subsequent lab investigations were less clear cut (Stephens, 1959; Stephens
and Lee, 1961). In the first place, Stephens and Lee (1961) concluded that oviposition
patterns of weevils collected in North Carolina and Mexico were significantly different.
Second, when N. C. weevils were offered various combinations of hairy vs. glabrous
and glanded vs. glandless genotypes in one-, two- and four-choice tests, relative
oviposition rates varied depending on the particular choices available. While the
glabrous condition was usually preferred, the attraction of glandular secretions
apparently overcame the deterrent effect of hairiness under some circumstances. Such
discrepancies underscore the complexity of interactions that may occur between
relevant stimuli, and illustrate that the significance of each stimulus depends on its
sensory context. They illustrate the hazards of generalizing from the results obtained in
a particular setting or experimental design, and of using one population of insect or
variety of plant (Benedict etal., 1983; de Ponti et al., 1990).
Ampofo (1985) and Kumar and Saxena (1985; Kumar, 1988, 1992) examined
the pattern of oviposition by the stem-borer Chilo partellus (Swinhoe) (Pyralidae) on
resistant and susceptible maize cultivars. When moths were exposed only to the odor
plume of host plants, no consistent varietal preferences emerged (Kumar and Saxena,
1985; Kumar, 1988). However, when moths could alight on either whole plants or
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individual leaves, opposition was found to be negatively correlated with trichome
density both within and between cultivars in choice tests (all reports), and usually
(except Kumar and Saxena, 1985) in no-choice tests as well. Opposition was highest
on the leaf undersurfaces (irrespective of orientation) (Ampofo, 1985; Kumar and
Saxena, 1985; Kumar, 1988) and on the proximal quarter of leaves (Kumar and Saxena,
1985; Kumar, 1988), both of which are characterized by relatively low trichome
densities. When trichomes were rubbed off of one side of the leaf upper surface of a
resistant cultivar, significantly more oviposition occurred on that side (all reports).
Finally, caged moths laid eggs on smooth nonhost surfaces such as waxed paper and
glass, but not on rough surfaces such as mesh (Chadha and Roome, 1980; Kumar and
Saxena, 1985). From these results, these authors concluded that the presence of
trichomes contributes to resistance in certain maize cultivars. However, moths avoided
even trichome-free surfaces of resistant varieties, indicating that trichome density is not
the only factor involved (Kumar and Saxena, 1985; Kumar, 1988).
In addition to hairiness, other qualities of the surface affect oviposition. In
several laboratory choice and no-choice studies, Callosobruchus maculatus (Fabr.)
(Bruchidae), the southern cowpea weevil, tended to oviposit on cowpea seeds with
smooth coats more than on rough-coated seeds (Booker, 1967; Nwanze et al., 1975;
Nwanze and Horber, 1976), and on seeds with intact, well-filled coats more than on
seeds with broken or loose coats (Larson and Fisher, 1938). Removal of the seed coats
eliminated the difference between treatments (Nwanze and Horber, 1976), implying that
properties of the seed coat were responsible for the discrimination. That physical
properties are paramount is suggested by the pattern of oviposition on artificial
substrates; weevils accepted a variety of smooth, convex objects, including painted
wood such as pencils, while refusing unfinished or rough wood (Larson and Fisher,
1938).
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Prokopy and Boiler (1971) conducted a series of laboratory experiments on
Rhagoletis cerasi (L.) (Tephritidae), the European cherry fruit fly, to evaluate the
impact of surface hardness, tackiness, thickness, and smoothness on oviposition. When
presented with a choice of surrogate hosts in the form of hollow wax hemispheres, flies
preferred substrates composed of relatively soft but non-tacky wax (i.e., ceresin) less
than 0.5 mm thick. Surrogates made of harder or thicker wax resisted ovipositor
penetration and elicited fewer ovipositions in consequence. Hemispheres that were
smooth or perforated by 0.5 mm diameter holes received more ovipositions than
perforated hemispheres having fragments of wax protruding from each hole. Thus R.
cerasi was sensitive to several kinds of physical properties that provide information
about natural host ripeness and appropriateness for oviposition. In laboratory choice
experiments, Delia radicum (L.) (Anthomyiidae), the cabbage root fly, was also
sensitive to subtle differences in the quality of the surface of artificial leaves,
ovipositing on paraffin-coated paper leaf models while rejecting uncoated models and
models with other smooth coatings, and accepting models dipped in paraffin while
rejecting those having paraffin sprayed on (Roessingh and Stadler, 1990).
Several other studies have yielded suggestive, if less conclusive, results. Stadler
(1974) found that Choristoneurafumifera (Clem.) (Tortricidae), the eastern spruce
budworm, laid more eggs on artificial twigs with plastic needles than on those with
paper needles. The observed discrimination may have reflected textural differences,
although other physical differences could have been responsible (see next section). In a
comparison of oviposition by Cydia pomonella (L.), the codling moth, on five
rosaceous hosts, Hagley (1980) attempted to demonstrate that hairy surfaces acted as
deterrents, but the evidence is weak and inconsistent. Curtis et al. (1990) observed that
C. pomonella will oviposit more readily on wax paper than on velour, but found no
correlation between oviposition on real plants (three species, 3 cultivars/species) and
trichome density. Renwick and Radke (1988) concluded on the basis of unpublished
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data that the butterfly Pieris rapae (L.) (Pieridae) prefers smooth (e.g., index cards) to
rough (e.g., blotting paper) nonhosts, but Latheef and Irwin (1979) did not find any
difference in this species' oviposition rate on host varieties with different leaf textures.
In a few species, no preference between glabrous and hairy surfaces could be
detected. Oviposition rates of Psila rosae Fabr. (Psilidae) on umbellifers (Bohlen,
1967) and of Spodoptera litura (Fabr.) (Noctuidae), the cotton leaf worm, on cotton
(Kamel, 1965) were not significantly different on hosts of varying pilosity. Kamel
(1965) concluded that trichomes had no effect until their spacing was less than one head
diameter, whereupon they prevented feeding. In greenhouse choice experiments,
Trichoplusia ni (Hiibner) (Noctuidae), the cabbage looper, did not demonstrate a
significant preference among pilose, hirsute, and glabrous cotton (George et al., 1977),
or between waxed paper and filter paper (Shorey, 1964). Similarly, the number of eggs
laid by M. destructor on glabrous and pubescent wheat varieties did not differ
significantly in greenhouse choice experiments (Roberts et al1979). However, their
distribution and placement did differ; on the pubescent variety, flies laid three times as
many eggs on the leaf undersurface and often placed eggs against hairs (see above).
Apparently, in some of these species, such as P. rosae and T. ni, the role played by
trichome density in host acceptance is relatively unimportant. In other cases, such as C.
fwniferana and M. destructor, it appears that the role played by surface characteristics
in modulating oviposition site selection behavior is too complex to have been elucidated
by the protocols employed in the studies cited.
Finally, a few species that oviposit on onto or into soil have been shown to
discriminate between soils on the basis of their physical properties. Soil characteristics
that influence oviposition decisions include particle size, moisture content and presence
of cracks or pockets, all of which affect its ability to accommodate eggs. In laboratory
arenas, Periplaneta fuliginosa (Serville) (Blattidae), the smokeybrown cockroach,
deposited more oothecae on a peat substrate than on marble chips or bare floor (Gordon
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et al., 1994). Several species oviposit into the soil near the base of their host plants, and
assess the soil as well as the host plant prior to oviposition. Following a walk over
potted com seedlings and the adjacent substrate, Diabrotica undecimpunctata howardi
Barber (Chrysomelidae), the southwestern com root worm, oviposited readily into
loamy soils in no-choice greenhouse tests, while oviposition was inhibited by sandy
soils (Brust and House, 1990). Popillia japonica Newman (Scarabaeidae), the Japanese
beetle (Allsop et al., 1992), also preferred loamy to sandy soils in choice and no-choice
laboratory tests. Another chrysomelid, Disonycha pluriligata (Le Conte), is believed to
oviposit into or onto the soil around the base of coyote willow, its host plant. However,
in petri dish choice bioassays, many more eggs were laid on the bare dish than into soil;
in the words of the investigators, "a biological explanation for this result escapes us" at
present (Marques et al., 1994). Several dipteran systems have been particularly well
studied in this context. Delia radicum, which oviposits at the base of brassica plants,
discriminated on the basis of soil particle size, which was determined by means of the
ovipositor (Beck and Schoonhoven, 1980). Oviposition was disrupted by placement of
collars around the bases of the host plants, which interfered with perception of
mechanostimuli from the substrate (Nottingham, 1988). Covering the soil at the base of
host plants with wax or cotton also disrupted oviposition by Oscinellafrit, apparently
because flies were deprived of necessary physical stimuli provided by soil contact
(Ibbotson, 1960).
Of the many aspects of surface texture that has drawn the attention of
investigators studying oviposition, the most widely studied is presence or absence of
trichomes. Interestingly, in spite of the attention it has received, little insight has been
obtained into why smooth or hirsute surfaces should be preferred. Southwood (1986)
observed that "we have little understanding of why one species or stage is adversely
affected by pubescence, whilst another prospers;" other authors have voiced similar
uncertainty (van Lenteren and Noldus, 1990; de Ponti et al., 1990). Ramaswamy et al.
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(1987) concluded that it was not related to "phylogeny, time of activity..., surface or
internal feeding habits, single or massed egg layers, and foliage and non-foliage feeding
habits." Although each insect-host system is unique and the scope of generalizations
therefore limited (Webster, 1975; Heinz and Zalom, 1995), nevertheless certain themes
emerge. First, females of several species that exhibit an oviposition preference for
glabrous host plants have more difficulty moving over the plant surface and ovipositing
when trichomes are present. Webster etal. (1994) observed that trie homes entangled
the setae of adult and nymphal Sipha flava aphids, and thereby impeded their
movement; similar effects have been documented in other aphid and leafhopper species
(Webster, 1975; Renwick, 1983). Anthonomus grandis had more difficulty finding and
was largely prevented from puncturing closed buds (bolls), the preferred oviposition
site, of hairy varieties of cotton (Wessling, 1958b), with the result that they oviposited
more into opened buds (squares), a suboptimal host developmental stage (Stephens and
Lee, 1961). In some species, the very rhythm of oviposition movements is disrupted by
the presence of trichomes: Mayetiola destructor was more restless and more likely to
reject pubescent wheat plants (Roberts et al., 1979), while Oulema melanopus traveled
erratically and was "abnormally nervous" on pubescent wheat (Schillinger and Gallun,
1968), whose trichomes acted as a mechanical barrier to oviposition (Schillinger, 1969).
In contrast, Callahan (1957) demonstrated that H. zea, which prefers pubescent hosts,
obtained more secure footholds on rough surfaces. Thus, one theme that emerges is that
moderately small insects often have difficulty negotiating trichome-covered surfaces,
while insects that do so successfully are either very small, such as whiteflies and small
aphids (Southwood, 1986) or very large. However, while size constrains an insect's
ability to function on a pubescent surface to some degree, insect form and trichome
morphology and arrangement are also important factors (Southwood, 1986).
Trichomes may deter (or elicit) oviposition in different ways. Insects may
respond to their arrangement, morphology, or secretions. While most of the studies

15

summarized have focused on the impact of trichome density (e.g., Schillinger and
Gallun, 1968; Ampofo, 1985; Ramaswamy, 1988; Kumar, 1988,1992; Navasero and
Ramaswamy, 1991), trichome length, erectness, degree of branching, branch length and
associated glandular exudates also influence oviposition behavior (Kamel, 1965; Norris
and Kogan, 1980; Stipanovic, 1983). Kishaba et al. (1992) concluded that long or
variable-length trichomes deterred oviposition by Bemisia tabaci, but their data do not
support this conclusion for numerous reasons; for example, a short-trichome Lagenaria
accession received few ovipositions. Negative correlations between trichome length
and oviposition have been more clearly demonstrated in Oulema rnelanopus (Hoxie et
al., 1975), Empoasca fabae (Tumipseed, 1977), and Sipha flava (Webster et al., 1994).
In two field seasons, Lambert et al. (1995) found that B. argentifolii and Trialeurodes
abutilonea oviposition was positively correlated with soybean trichome erectness. B.
tabaci oviposited preferentially at the base of trichomes (Ohnesorge et al., 1980;
Berlinger, 1986); perhaps this is facilitated when they are erect. In contrast, E. fabae
oviposition was deterred by erect trichomes (Johnson and Hollowell, 1935; Tumipseed,
1977), which are associated with increased mortality (Stipanovic, 1983). If whiteflies
are similarly susceptible, the benefits of operating among erect trichomes must be
considerable to warrant the additional risk. Kamel (1965) concluded that trichome
branching effectively increases trichome density, and hence the deterrent effect against
species avoiding pubescent hosts.
Trichomes may be associated with glands that produce toxic, sticky, or
immobilizing (hardening on contact with air) exudates (Norris and Kogan, 1980;
Boiteau and Singh, 1988). Sticky exudates are typically exuded freely, while the others
are released only if the trichome is broken by a mechanical agent, such as an insect.
Navasero and Ramaswamy (1991) are among the few authors to examine insect
response to nonglandular and glandular trichomes separately; however, they found no
evidence that H. viriscens discriminated between them on any of eight species of host
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plants. They concluded that trie home morphology is less important than overall
trichome density. Whitefly host ranges include several species bearing glandular
trichomes that release lethal sticky exudates, such as tomato and potato (Ohnesorge et
al., 1980; Berlinger, 1986; Boiteau and Singh, 1988), but Ohnesorge etal. (1980) found
that B. tabaci oviposit against both glandless and glandular trichomes. Interestingly,
Boiteau and Singh (1988) found that the nymphal stages were not trapped by sticky
exudates, apparently because their powdery wax protected them. In addition, it appears
that whiteflies are too small to break open glandular trichomes that release toxic (Heinz
and Zalom, 1995) or immobilizing (Boiteau and Singh, 1988) exudates, and therefore
are not endangered by them. These studies suggest that some insects need not respond
differently to glandless and glandular trichomes.
An insect needs to be able not just to walk over a surface but to affix her eggs to
it. Authors variously report that eggs appear to be more securely affixed to either rough
(Eorewna loftini: van Leerdam et al., 1984; Heliothis viriscens and Helicoverpa zea:
Lukefahr et al., 1971; Porter, 1984, in Ramaswamy, 1988; and Anticarsia gemmatalis
Hiibner (Noctuidae), the velvetbean caterpillar: Gregory, 1989) or smooth (Bemisia
tabaci: McCreight and Kishaba, 1991; and Diatraea grandiosella: Poston et al., 1979)
surfaces. Gregory (1989) found that A, gemmatalis females could attach their eggs
more securely to pubescent soybean varieties because eggs were glued both to the leaf
surface and to nearby trichomes, while Pats and Ekbom (1994) concluded that
oviposition into depressions or irregularities in a rough surface reduced the risk of egg
mortality by "desiccation or dislodgment" In contrast, McCreight and Kishaba (1991)
found that B tabaci attached their eggs directly to the epidermis all along the peripheiy
when possible, but placed them on two wax stilts when trichome density precluded
attachment directly to the leaf. There seems to be no inherent advantage to either
glabrous or pubescent surfaces with respect to egg attachment.
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Another factor possibly driving female preference is offspring success, and here
an interesting pattern emerges. Irrespective of oviposition choice, every study cited
above that examined one or more components of offspring success, such as percent egg
hatch or larval survival, weight gain, development time, or movement, found most or all
components to be superior on a glabrous host than on a pubescent one. Moreover,
poorer larval performance on pubescent hosts could be directly attributed to the
presence of trichomes in virtually every case. The presence of trichomes compelled
utilization of oviposition sites that were remote from larval feeding sites (Mayetiola
destructor: Roberts etal., 1979) or that represented a suboptimal host developmental
stage (Anthonomus grandis: Stephens and Lee, 1961), accelerated egg desiccation
(Oulema melanopus: Schillinger and Gallun, 1968; M. destructor: Roberts et al., 1979),
interfered with larval feeding (Spodoptera littoralis: Kamel, 1965; O. melanopus:
Schillinger and Gallun, 1968; Callosobruchus maculatus: Nwanze and Horber, 1976),
and interfered with larval movement (C. maculatus: Nwanze and Horber, 1976; M.
destructor: Roberts etal., 1979; Diatraea saccharalis: Sosa, 1988). Interestingly, the
only study cited above to examine offspring performance in a species that preferred
pubescent hosts obtained similar results; Lygus hesperus larval weight gain was lower
on a pubescent isoline of cotton (Benedict etal., 1983), probably due to feeding
interference. Although the larvae of species that prefer pubescent hosts are probably
not always at a disadvantage, it seems safe to conclude that larval performance is not a
driving force towards oviposition on pubescent hosts.
If trichomes rarely offer an intrinsic advantage to the ovipositing female and
may interfere with offspring success, why do so many species demonstrate such
pronounced preferences for pubescent surfaces? Although they may confer no direct
advantage to either life stage, the presence of trichomes may confer an indirect
advantage to both by impeding the activities of parasitoids and predators (Mound, 1965;
Webster, 1975; Heinz and Zalom, 1995). Encarsia formosa (Gahen) (Aphelinidae)
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walking speed and host (Trialeurodes vaporariorum) encounter rates were inversely
related to trichome density on cucumber and gerbera (Li etal., 1987; van Lenteren and
Noldus, 1990). Coccinellid larvae had great difficulty walking on hairy leaves (Li et
al., 1987), while syrphid larvae suffered such high mortality from hooked trichomes on
beans that they failed to control Aphis fabae Scopoli populations (in Webster, 1975). In
field studies, percent parasitism rates of Manduca sexta and Myzus persicae (Sulzer)
(Aphididae), the green peach aphid, by Trichogramma sp. (Trichogrammatidae) in
tobacco were lower on a variety with glandular trichomes (Li et al., 1987), and percent
parasitism of Bemisia argentifolii was lower in hirsute and pubescent than in glabrous
soybeans (McAuslane et at., 1995). Bilderback and Mattson (1977) concluded that
trichomes on poinsettia provided protection to T. vaporariorum, although they
interfered with oviposition. In many phytophagous species, the impact of pubescence
on adult or larval activity may be offset by the selective value of the protection it
affords.
Other indirect factors associated with surface characteristics that may drive the
evolution of preferences for a particular type of surface include microclimatic
considerations and, especially in nonvagile species, proximity to larval food. Air
movement and daily temperature fluctuations are reduced (Willmer, 1986;
Ramaswamy, 1988) and relative humidity is increased (Chu etal., 1995) to a greater
degree at the surface of hirsute compared to glabrous leaves. Preferences for hairyleafed hosts in Bemisia tabaci and Trialeurodes abutilonea (Mound, 1965; van
Lenteren and Noldus, 1990), Thrips tabaci Lindeman (Thripidae), the onion thrips (in
Webster, 1975), and unspecified aphids (in Mound, 1965) have been attributed to
microclimatic differences, although whether such effects directly induce differential
oviposition has not been examined. Textural preferences may have evolved to ensure
that eggs receive optimal exposure to sun, humidity, rain, temperature, or wind for
development. Alternatively, Chu et al. (1995) concluded that the leaf undersurface was
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preferred by the whitefly Bemisia argentifolii because of its greater proximity to
vascular bundles, their food source.
Preferences for particular surface characteristics--whether plant or nonplant-function as part of an array of behaviorophysiological mechanisms that serves to restrict
oviposition to suitable substrates from among the universe of available surfaces. The
above-cited studies of plant-ovipositing insects reveal that discrimination on the basis of
surface properties may occur between species of plants (e.g., Manduca sexta: Sparks,
1973), between varieties (e.g., Heliothis viriscens: Ramaswamy etal., 1987), between
individuals (e.g., Bemisia argentifolii: Heinz and Zalom, 1995), or between regions of
the same plant. Within plants, surface texture may enable insects to discriminate
between upper and lower leaf surfaces (e.g., Chilopartellus: Kumar and Saxena, 1985;
Kumar, 1988); between different plant structures, such as leaf laminae and midribs
(e.g., Diatraea saccharalis: Sosa, 1988); or between structures of different quality,
such as young and mature leaves (e.g., Bemisia argentifolii: Liu and Stansly, 1995).
Preference for particular surface characteristics may evolve simply to ensure that
oviposition occurs in the appropriate location on a host plant, rather than because they
offer any intrinsic advantages.

Configuration

A smaller number of insect species has been shown to respond to some
distinctive physical configuration of their host plants via the mechanosensory modality.
In a (surprisingly) few species, females oviposited onto or into a well-defined site with
a characteristic shape. As mentioned in the preceding section, Eoreuma loftini (van
Leerdam etal., 1984) oviposited into leaf folds and Chilo partellus oviposited into
creases, such as those created by leaf midribs (Chadha and Roome, 1980) or by the
seam between the cage wall and a clay rope or another egg mass (Pats and Ekbom,
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1994). Similarly, Bemisia tabaci oviposited into the depression formed by the leaf vein
on the undersurface of tomato leaves (Ohnesorge et al., 1980). In an elegant series of
experiments, Horton (1990) demonstrated that Cacopsylla pyricola (Foerster)
(Psyllidae), the pear psylla, oviposited preferentially along veins or similar natural or
artificial structures on the surface of host plant leaves, and that the degree of
concentration of oviposition along such structures was related to their prominence.
Lygus hesperus exhibited a strong preference for the leaf petioles of cotton in a
greenhouse study, laying 50 to 60% of eggs there, primarily on the distal half (Benedict
etal., 1983). A similar preference has been demonstrated in L. lineolaris (Palisot de
Beauvois), the tarnished plant bug (in Benedict et al., 1983). The stimulatory effect of
the shape of the petiole for both species was corroborated by the success obtained with
an artificial oviposition substrate consisting of a parafilm-covered paper tube 4 mm in
diameter (Vanderzant, 1967).
A few species oviposit into particular cavities or recesses. Catocala spp. Shrank
(Noctuidae) underwing moths oviposited into recesses in tree bark (Gall, 1990).
Contarinia schulzi Gagne (Cecidomyiidae), the sunflower midge, oviposited into the
crevices of the developing bud of sunflowers (Anderson and Brewer, 1991). In resistant
varieties, the involucral bracts covered the disks for a greater proportion of their
development, preventing access by ovipositing midges during much of their maturation.
In the field, Acanthoscelides obtectus (Say) (Bruchidae), the bean weevil, oviposited
into the pods of several bean species by inserting its ovipositor into the opened seam
(Larson and Fisher, 1938). If pods had not ripened sufficiently to open on their own,
the females gnawed openings and proceeded as before. In storage conditions, females
continued to exhibit a preference for closed spaces, ovipositing into crevices between
adjacent seeds or under cracked seed coats. Ceutorrhynchus maculaalba Herbst
(Curculionidae) also oviposited into holes it gnawed in the seed capsules of its poppy
hosts, affixing eggs to the septum walls within (Saringer, 1976). Beetles would not
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attempt to oviposit into flat-sided surrogates constructed by fastening small capsule
fragments to cork pieces nor when placed in 4 mm. diameter vials with capsules placed
over their openings (no. replicates not specified). Saringer (1976) concluded that they
required the proprioceptive stimulation of the convex surface of the capsule to initiate
oviposition behavior. While his results support this conclusion, the reported
experiments alone do not seem sufficient to warrant such an inference.
Acrobasis vaccinii (Riley) (Pyralidae), the cranberry fruitworm, oviposited
almost exclusively into the calyx at the base of cranberry host fruits, against the wall of
a well-defined cavity (Franklin, 1948). In laboratory choice experiments, removal of
the sepals of the calyx prevented oviposition (see Chapter 2). The soybean pests
Grapholitha glicinivorella (Nishijima, 1960) and Etiella zinckenella (Hatton and Sato,
1983; Hattori, 1988) oviposit under sepals and stipules of glabrous (but not pubescent)
soybean plants. When portions of host plants were wrapped with waxed paper strips, E.
zinckenella would oviposit as readily between the paper and the host as between
adjacent layers of waxed paper, even when the artificial substrate prevented antennal,
tarsal and ovipositor contact with the plant (Hatton and Sato, 1983). Evidently, the
physical configuration of the gap between two waxed paper layers corresponded to that
of the recesses under stipules or sepals on host plants, suggesting that physical cues
alone were sufficient to release at least the final stages of oviposition behavior.
Other aspects of host structure have been shown to influence oviposition
behavior. The shape and arrangement of the host leaves of Choristoneura fumif erana
and three congeners were critical in determining host acceptability, even superseding
chemical cues. Wilson (1964) reported that needle spacing on coniferous hosts affected
C. fumif erana oviposition, and attributed this to the tendency of an ovipositing female
to tuck an adjacent needle under her wing. In choice tests, Stadler (1974) found that
extract-treated surrogate hosts with needle-shaped foliage (paper cut in narrow strips)
were strongly preferred over those with leaf-shaped foliage (paper cut in squares).
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Identical results were obtained with Dendrolimus punctatus Walker (Lasiocampidae)
(in Grant and Langevin, 1994). Stadler (1974) also found that females oviposited more
readily on surrogate hosts with plastic needles than on those with paper ones. While
this could be attributable to differences in surface texture, the two types of surrogates
also differed in needle spacing and shape; the plastic-needled trees may have better
mimicked natural trees.
In an attempt to separate the contributions of physical and contact chemical cues
to C.fumiferana oviposition, Stadler (1974) conducted choice experiments using
normal and paraffin-coated or chemically-extracted balsam fir needles, and untreated
and extract-treated plastic needles. Oviposition was significantly reduced on coated and
extracted needles (although they received about 35% of eggs), and elevated on extracttreated needles, suggesting that contact chemicals stimulated oviposition. However, the
fact that a substantial proportion of eggs was deposited on needles presumably lacking
these chemicals implies that tactile factors could provide sufficient stimulation. This is
corroborated by the fact that the intensity of discrimination between needle and leaf¬
shaped surrogates greatly exceeded that between chemically altered and control
treatments. Similarly, in laboratory choice experiments, Renwick and Radke (1982)
found that females oviposited on needles of white spruce, the primary host, and English
yew, which has needles of very similar shape and texture, significantly more than on
those of balsam fir (also a host), whose needle shape and spacing are distinctly
different. These results were particularly surprising because fir needles emitted Bpinene, shown by Stadler (1974) to stimulate oviposition, and supported larval
development, whereas larvae suffered 100% mortality on an artificial diet containing
yew. Renwick and Radke concluded that the shape of host needles was more important
to ovipositing C.fumiferana than their chemical profiles.
In laboratory tests, the conifer-infesting C.fumiferana, C. occidentalis Freeman,
the western spruce budworm, C. pinus Freeman, the jack pine budworm, and C.
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conflictana (Walker), the large aspen tortrix, were offered a choice between filter paper
disks and plastic needles of one of three lengths for oviposition (Grant and Langevin,
1994). The conifer-infesting species oviposited more readily on plastic needles than on
filter paper, whereas C. conflictana preferred disks to needles, presumably because they
more nearly approximated the shape of aspen leaves. C.fumiferana maintained its
preference for untreated needles even when offered filter paper treated with host extract.
C.fumiferana and C. occidentalis evinced little or no discrimination with respect to
needle length, but C. pinus oviposited most on the longest needles (3.5 cm), less on the
intermediate length needles (2.5 cm), and rejected the shortest needles (1.25 cm). The
degree of specificity with respect to needle length manifested by each species
corresponded well with its degree of polyphagy and natural host needle lengths. Grant
and Langevin (1994) concluded that host specificity and oviposition site selection were
more dependent on physical factors than on close-range chemical cues.
Parasitoids also respond to configurational properties, either of hosts directly or
of plants that have been altered by them. In developing an artificial oviposition
substrate (AOS) made of agar for Microplitis croceipes (Cresson) (Braconidae), Eller et
ad. (1990) found that a larger proportion of females would oviposit into round
(cylindrical or hemispherical) than flat (disk-shaped) substrates. Presumably, round
AOS's were more acceptable because they correspond more nearly to the shape of
natural hosts. However, another braconid, Aphidius ervi Haliday, did not discriminate
between spherical and flat surrogate (aphid) hosts treated with host cornicle wax
secretion in no-choice trials, suggesting that configurational characteristics are
relatively unimportant in this species (Battaglia et al., 1995). The wasps A nag r us
mutans Walker and A. silwoodensis Walker (Mymaridae) search plant stems for scars
and bumps that reveal the presence of Homopteran host eggs (Moratorio, 1990). The
female probes bumps with her ovipositor, and oviposits if host eggs are present. The
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fact that females probed bumps arising from other causes indicated that the initial
detection was made on the basis of tactile cues.
The oviposition behavioral sequences of a number of dipterans lends itself to
classical ethological studies of the cues involved, and consequently the interplay
between stimuli and elements in the sequence is relatively well-understood. Oscinella
frit, the frit fly, infests grains, including barley, wheat, and particularly oats (Cunliffe
and Hodges, 1946). Many authors have demonstrated that the preferred oviposition site
is the crevice formed between the coleoptile and the first leaves of young seedlings, but,
particularly if such a crevice is absent (the coleoptile eventually withers and falls off),
oviposition occurs in crevices in the soil at the base of the plant, and occasionally on the
leaves or stem (Zhukovskii, 1932; Cunliffe and Hodges, 1946; Ibbotson, 1960). In
greenhouse studies in which flies were exposed to one of 16 oat cultivars, Jonasson
(1980) found a close correlation (r = 0.92) between the proportion of plants with a
crevice width between 0.3 mm (the basal diameter of the ovipositor) and 3.0 mm and
the proportion of plants with eggs in the crevice. When coleoptiles were manually
separated from the stems of young seedlings (initially, they adhere closely) in the field
or the laboratory, both total oviposition and the proportion of eggs deposited behind the
coleoptile increased dramatically (Cunliffe and Hodges, 1946; Jonasson, 1977).
Behavioral observations of ovipositing flies revealed that the presence of a crevice
reduced female search time and the number of plants examined before an egg was laid
(Jonasson, 1977). When a female encountered an irregularity in the plant surface, such
as the groove formed by a disconnected coleoptile, she stopped walking and proceeded
to probe the protruding structure with her ovipositor, then inserted her ovipositor and
laid an egg. Surrogate hosts that achieved the same stimulatory effect as a natural host
incorporated a source of host odor; some vertical structure projecting from the soil; and
a groove, either in the soil, in the surrogate, or between the surrogate and the test
container (Ibbotson, 1960; Jonasson, 1977). Interestingly, the structure did not need to
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resemble a host shoot-a triangle of filter paper triangle was effective--but the female
did need to be able to contact all three components at once. The absence of any of these
components virtually eliminated oviposition, illustrating the interplay between tactile
and chemical stimuli.
In laboratory choice and no-choice experiments, Prokopy and Boiler (1971)
compared acceptance rates on an array of artificial oviposition substrates by Rhagoletis
cerasi (L.), the European cherry fruitworm (Tephritidae), which normally oviposits into
ripe cherries. Flies did not discriminate between spheres and hemispheres (oriented
convex side up), but displayed a significant preference for hemispheres over cylinders
or squares, and for elongated hemispheres (height exceeding radius) over perfect half¬
domes. By observing individual flies, Prokopy and Boiler (1971) established that the
flies’ choices reflected post-arrival decisions, and concluded that flies perceived
differences in shape (as well as other physical features) by ’’kinesthetic means"
(Weismann, 1937, in Prokopy and Boiler, 1971) during circling movements on the
substrate. Evidently, rounded objects lacking upward-oriented edges or flat faces
provided more effective tactile stimulation.
Delia antiqua (Meigen) (Anthomyiidae), the onion fly, and D. radicum oviposit
into the soil at the base of their host plants after extensive examination of their hosts by
means of stem runs, proboscis extensions, and ovipositor probes. In an elegant and
comprehensive series of laboratory experiments with D. antiqua, Hams and Miller
(1982, 1984,1988) employed surrogate hosts (a dish containing soil, a yellow or green
4-mm-diameter glass rod and a source of onion odor) to explore the role of tactile
stimuli and the interaction between tactile, visual, and chemical cues on preoviposition
behaviors and oviposition. In choice tests (Harris and Miller, 1982), removal of the
glass rod or the color or odor source virtually eliminated oviposition, demonstrating that
the tactile, visual and chemical stimuli were all integral and operated synergistically to
stimulate oviposition. Harris and Miller (1984) then identified the physical properties
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of foliage that were most stimulatory. In the presence of host odor, objects with a
narrow base such as a rod or inverted cone elicited high levels of oviposition, while
wide objects such as a cone, square or sphere received few eggs. Behavioral
observations of individual females revealed that the number of alightments was
positively correlated with the surface area of foliar surrogates, but the number of stem
runs, ovipositor probes, and ovipositions was highest on surrogates that most resembled
onion foliage. Harris and Miller (1984) concluded that pre-alightment behavior was
governed by the intensity of visual stimulation, but following alightment, females
sensed the physical configuration of the host while running over the stem and were
more likely to progress through the steps of the preovipositional sequence on vertical
narrow surrogates because they provided the appropriate mechanostimuli.
In similar experiments conducted with D. radicum, Roessingh and Stadler
(1990) employed paper or plastic leaf surrogates on stems in soil. In choice tests, a
stemless model received only one tenth the oviposition of a host having a stem (of same
surface area and height), while a plastic or paper leaf containing creases received three
times as many eggs as a flat paper leaf. However, a variety of leaf shapes tested had no
effect on rates of oviposition. Zohren (1968) found that flies followed leaf margins and
veins during their exploration of the leaf, and Roessingh and Stadler (1990) showed that
the presence of vertical (but not horizontal) creases in the leaves facilitated the transition from leaf exploration to stem run and thence to oviposition. Evidently the
particular shape was not as important as the presence of textural guides to the leaf stem.
Zohren (1968) found that a long thin body stimulated oviposition, and Roessingh and
Stadler (1990) concluded that oviposition was suppressed on stemless surrogates
because stem runs were not elicited. It appears that an important role of the
preovipositional perambulations in Delia is to assess an array of configurational
characteristics of a putative host. In conjunction with visual and chemical cues, tactile
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cues provide extremely specific information about a putative host's taxonomic identity,
age, and condition (Harris and Miller, 1984).
Currie (1932) explored the stimuli involved in eliciting oviposition from
Euaresta aequalis Loew. (Tephritidae), the burr-seed fly, whose host plant produces
oval burrs covered with hooked spines. When the hooks on the spines were removed,
flies ceased to make attempts at oviposition (the number of flies observed was not
reported, but presumably was very small). Hies were not attracted from a distance to
nonhosts with similarly-shaped spiny buds or to artificial hosts made from rubber
©voids studded with bent entomological pins. However, when flies were placed upon
these substrates, they showed “excitement,” and some attempted to oviposit. In
contrast, artificial hosts made from flat corks and pins failed to elicit any attempts at
oviposition, even when host odor was present Currie concluded that odor was involved
in host-finding, but that once the oviposition substrate had been located, oviposition
behavior was elicited by tactile physical characters: appropriate size, a rounded shape,
and the presence of hooked spines.
The most extensive investigations of the importance of the physical
configuration of the host on oviposition rates was conducted by Zwolfer, who explored
the reproductive behavior of a group of related tephritid gall makers. Urophora sirunaseva Hg. (Zwolfer, 1968,1969), U. ajfinis Frfld. (Zwolfer, 1970), U. stylata Fabr.
(Zwolfer, 1972b) and Chaetorellia sp. (Zwolfer, 1972a) reproduce on thistles in the
genera Centaurea and Circium. Each fly species is associated with only one or a few
morphologically similar host species, usually congeners. Females oviposit into the
developing florets within the closed inflorescences of their hosts, which they locate by
inserting their ovipositors into the clefts between the divergent tips of adjacent bracts
enclosing the immature flower heads. Following alightment on a host flower bud,
females engage in a sequence of preoviposition behaviors comprised of external
examination (walking and proboscis probing on the flower bud), attempts at piercing
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(poking the bud with the ovipositor to locate the cleft between adjacent bracts), and
probing (moving the ovipositor within the interior of the bud following successful
insertion). Eggs are oviposited singly following successful probes.
Zwolfer conducted a series of experiments with each species in which he
modified the physical (and, incidentally, chemical) characteristics of the oviposition
site, the closed flower head. Elimination of either the globular shape of the flower head
or the radiating spines at the tips of the bracts resulted in fewer alightments,
preoviposition behaviors, and ovipositions, while the addition of host or artificial (insect
pin) spines to nonhosts increased alightments and preoviposition and oviposition
behaviors (Zwolfer, 1968, 1969, 1972b). Some nonhost species with especially globose
heads also elicited alightments and preoviposition behaviors. Changes in the numbers
of alightments were probably attributable to alteration of the visual aspect of the hosts
but changes in the incidence of preoviposition behaviors were undoubtedly elicited by
tactile stimuli provided by the round heads and spine-tipped bracts. In experiments in
which host or artificial spines were simply attached to nonhosts (Zwolfer, 1968, 1969,
1972a, b), external examinations and attempts at piercing were elicited, but no probing
or oviposition could occur because the attached spines were not positioned correcdy to
enable the flies to locate the clefts between bracts that allow ovipositor penetration of
the tough cuticle. In contrast, when bracts on related nonhost species were trimmed to
resemble spines (Zwolfer, 1972a), all preoviposition behaviors and even oviposition
were elicited because the guides were appropriately positioned. In a related experiment
in which a choice of closed and open flower buds was offered (Zwolfer, 1970), an equal
number of alightments was observed, but preoviposition behaviors were observed only
on closed buds (ovipositions were not recorded). This suggests that the visual cues
from open and closed buds are comparable (round head, radiating spines), but that the
tactile cues available to flies that alight are very different; only closed buds possess
bracts properly appressed to each other. These experiments illustrate the importance of
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visual cues in eliciting alightment, suggest that the tactile stimuli provided by globular
heads may be involved in eliciting preoviposition behaviors and oviposition, and
demonstrate that the tactile information provided by the spines and bracts is essential.
Zwolfer also explored the importance of the internal structure of the host flower
bud on oviposition. First, he found that the incidence of probing and oviposition that
followed an attempt at piercing in nonhost species was much lower than in host species,
even if the nonhost elicited a high level of attempts at piercing (Zwolfer, 1968, 1969).
Removal of the top half of the bud from host plants (Zwolfer, 1968, 1969) resulted in a
great reduction in the amount of probing and oviposition compared to that elicited by
intact host buds, while insertion of parts of a gelatin capsule into the interior of the host
bud (Zwolfer, 1970), removal of the florets from within the bud, and cutting buds into
halves or quarters longitudinally (Zwolfer, 1972b) eliminated oviposition completely.
Finally, he found that buds accepted for oviposition fell into a relatively narrow size
range compared to the range of sizes available (Zwolfer, 1970, 1972b) representing a
discrete developmental stage in each host species. From these experiments and those of
others (cited in Zwolfer 1968, 1969), Zwolfer concluded that probing in Urophora spp.
is elicited by the presence of a resistant layer comprised of the closed bracts and an
intact internal bud structure (Zwolfer, 1968,1969). Further, he concluded (Zwolfer
1970, 1972b) that the purpose of probing is to measure the size of the developing florets
in order to determine whether they fall into a range acceptable for oviposition (the range
of acceptable buds sizes probably actually corresponds to a range of acceptable floret
lengths). The size of the florets is critical for these gall-makers because florets that are
too small do not have enough meristematic tissue to support gall formation, while those
that are too large may suppress gall formation or complete their development too soon.
Therefore, oviposition follows probing only in buds whose florets fall within the size
range that is most likely to permit gall formation and development
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Using U. affinis, Zwolfer (1970) elucidated characteristics of the host bud
surface that promote oviposition. Although Zwolfer did not submit his results to
statistical tests, I was able to do so using the published data. First, there was no
significant difference in the number of alightments or the incidence of attempts at
piercing on normal buds and buds coated with a single layer of paraffin. The layer of
paraffin did, however, prevent females from penetrating the bud, and therefore from
probing and oviposition. When the outer bracts were removed before the paraffin
coating was added, attempts at probing were significantly reduced. Further, a bud
whose bract tips were removed and that was then covered with several layers of paraffin
to form a smooth sphere elicited significantly fewer attempts at probing than an intact
bud coated with a single layer of paraffin. From these experiments, Zwolfer concluded
that contact chemical cues were not necessary to elicit preoviposition behaviors, but that
the ruggedness of the bud surface resulting from the divergent tips of the bracts was an
important tactile stimulus. An irregular surface promoted attempts at piercing and
probing by providing abutments that the female could engage with her ovipositor.
Unfortunately, because appropriate controls were not run, most of Zwolfer's
experiments confound visual or mechanical manipulations of the substrate with changes
in the chemical profile. The results of experiments comparing the behavior of females
on hosts and nonhosts, intact and damaged hosts, and nonhosts with and without host
spines could indicate that lack of stimulatory or presence of inhibitory (in the case of
damaged hosts) chemicals diminishes preoviposition behavior. The results of the
experiments involving paraffin-coated hosts could be explained by the diffusion of
different paraffin-soluble chemicals through the paraffin from intact and damaged
heads. However, Zwolfer’s conclusions regarding the primacy of visual and tactile cues
are corroborated by the facts that the preoviposition behaviors can be elicited by
nonhosts in the absence of host material and that certain forms of damage do not result
in a diminution of preoviposition behaviors. On strictly logical grounds, an essential
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role for chemical cues cannot be excluded, but Zwolfer's conclusion that tactile cues are
more important is as logically consistent and far more parsimonious.
The roles played by configurational cues--alone or in concert with information
from other sensory modalities-fall into four broad categories. First, they may be used
to identify host species. Predictably, insects are less susceptible to error when they rely
on more than one cue, although this need not involve more than one modality. Host
specificity in conifer-feeding Choristoneura spp. apparently results primarily from
needle conformation, notably shape and arrangement, while close-range chemical
stimuli are relatively unimportant (Grant and Langevin, 1994; but see Stadler, 1974).
However, C.fumiferana made ovipositional mistakes, accepting a lethal nonhost that
physically resembled its primary host, in spite of differences in their chemical profiles
(Renwick and Radke, 1982). In contrast, host fruit acceptance in Rhagoletis cerasi
(Prokopy and Boiler, 1971) involves a broad array of tactile and visual factors, the
former including shape, size, smoothness and dryness of the surface, thickness of the
skin and softness and juiciness of the fruit, with the result that females are virtually
assured of selecting a fruit of the correct species and maturity (see below). Finally,
Oscinella frit (Ibbotson, 1960; Jonasson, 1977) and Delia antiqua (Harris and Miller,
1982, 1988) illustrate particularly sophisticated and effective host identification
mechanisms, in which tactile, visual and chemical stimuli must be present
simultaneously in order for host acceptance to occur. Such an exacting combination
permits a high degree of species specificity and accuracy in host selection.
Hand in hand with host identification, configurational cues are often used in host
assessment, ensuring that eggs are laid on quality hosts or hosts at the appropriate
developmental stage. Structural characteristics of plants may provide information about
host size or age, nutritional suitability, water content, or degree of ripeness (Prokopy
and Boiler, 1971; Harris and Miller, 1984). Oat seedlings in which the coleoptile
crevice was most attractive to O.frit (as determined by percent infestation) were at the
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two-leaf stage, which appears to represent the optimal compromise between being too
small to support insects and being too tough to penetrate (Jonasson, 1977).
Like surface texture cues, configurational cues are used by many species to
locate and identify oviposition sites. Indeed, specific configurations often define
oviposition sites. Oviposition in distinct plant structures can serve to ensure that the
eggs or newly hatched larvae are optimally located on the host plant by minimizing the
risk of displacement, predation or parasitization. For example, Acrobasis vaccinii eggs
placed within the cranberry calyx are virtually impossible to displace, whereas eggs laid
on the waxy surface of the berry are readily removed by slight physical contact. A
particular site may also ensure that the eggs or larvae are in a suitable microclimate or
in proximity to water or food. A novel example is provided by Cacopsylla pyricola,
whose eggs are able to obtain water from host leaves, and do so most successfully when
they are laid in contact with the midvein (Horton, 1990). Larvae of O.frit hatching
from eggs laid behind the coleoptile have a shorter distance to travel to the meristematic
tissue on which they feed than those emerging from eggs laid in soil or on leaves.
Finally, plant structures may be used to aid in the process of oviposition itself,
facilitating the deposition of eggs, as when C.fumiferana tucks a spruce needle under
one wing while ovipositing (Wilson, 1964) or tephritids use involucral bracts to guide
its ovipositor when drilling into flower buds (Zwolfer, 1972b).

Size

Many studies have demonstrated that a variety of insects discriminate among
oviposition sites on the basis of size, but in the majority of cases studied, the sensory
modality involved is thought or known to be visual (for example, butterflies and leaf
size: Chew and Robbins, 1984; tephritids and host fruit size: e.g., Papaj etal., 1989 and
Papaj, 1990 and refs, therein). As described above, Zwolfer (1970, 1972a, 1972b)
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observed that Urophora spp. and Chaetorellia sp. selected a relatively narrow range of
sizes of their host flower buds from among the sizes available; this discrimination
appears to be made using a combination of visual and kinesthetic cues.
Restriction of oviposition to flower heads within a more limited size range than
is naturally available has been observed in an additional study of Urophora, as well as
in other species. In field and laboratory studies, Berube (1980) observed oviposition by
sympatric U. affinis and U, quadrifasciata in the heads of two Centaurea species. Only
about 40% of available head sizes were utilized by each species, and the mean head size
each preferred differed significantly. In a field study of Tegeticula maculata
(Prodoxidae), the yucca moth, Aker and Udovic (1981) observed oviposition within
yucca flowers and in seed pods. Oviposition in pods was restricted to those that were 2
to 2.5 cm long, although both shorter and longer ones were available. Pods shorter than

2 cm are subject to abortion by the host plant. Similarly, Jones (1994) found that
oviposition by both Cryptophlebia illepida (Butler) (Tortricidae), the koa seedworm,
and C. ombrodelta (Lower), the litchi fruit moth, into macadamia and litchi hosts
occurred disproportionately into fruits between 20 and 30 mm in diameter. The median
size of macadamias selected for oviposition was not significantly different early and late
in the growing season, even as the average fruit size increased by 50%. Selection of
nuts of intermediate size is essential for larval survival because macadamias smaller
than 20 mm in diameter are particularly susceptible to nut abortion, while internal shell
formation has taken place in virtually all nuts over 30 mm in diameter, rendering them
inaccessible to the newly hatched larvae. Unfortunately, the mechanism of size
assessment was not explored in any of the above studies, but Zwolfer's work suggests a
kinesthetic component is likely to be involved, especially in Urophora spp.
Fruit diameter also influences oviposition decisions. When Rhagoletis cerasi
were offered surrogate hosts ranging in diameter from 6 to 62 mm, significantly more
eggs were laid on 10-mm-diameter surrogates in choice and no-choice tests (Prokopy
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and Boiler, 1971). Although a comparable number of flies arrived on each size offered,
a larger proportion of females attempted oviposition on surrogates that corresponded
most closely to the size of their natural host. McDonald and Mclnnis (1985) presented
a variety of fruits to Ceratitis capitata Wiedemann (Tephritidae), the Mediterranean
fruit fly, in choice and no-choice laboratory experiments and found that the number of
eggs per oviposition was positively correlated with host diameter. This effect persisted
when they controlled for species differences by offering different-sized parafilmcovered spheres of the same fruit. They concluded that fruit size was more important
than fruit type in regulating clutch size, which makes sense for a highly polyphagous
herbivore like C. capitata. In laboratory choice experiments, Callosobruchus
maculatus laid more eggs and more eggs per seed on larger hosts (Booker, 1967;
Mitchell, 1975). Avidov etal. (1965) offered a choice of steel ball bearings ranging
from 2 to 16 mm in diameter to a congener, C. chinensis L., the cowpea weevil, and
found that 5-mm-diameter spheres received the highest density of eggs. To separate the
effects of curvature and surface area, they then offered steel rods whose length and
diameter were varied separately. Egg density was independent of rod length but highest
on 6-mm-diameter rods, suggesting that beetles respond to the degree of curvature,
rather than the amount of surface area, of their hosts.
A third plant structure whose dimensions may be relevant to oviposition is the
stem. The effects of stem diameter and height on Delia antiqua oviposition were
explored using the surrogate hosts described in the previous section (Harris and Miller,
1984,1988). In choice experiments, individual females were offered surrogate stems
ranging from 1 to 50 cm in height. Although they laid significantly fewer eggs around
surrogates less than 8 cm tall, they evinced no preference among the larger sizes
offered, suggesting that any stem above a minimum height was equally acceptable.
When females were offered a choice of glass cylinders ranging in diameter from 1 to 20
mm, the largest numbers of eggs were laid around 4 and 6-mm-diameter cylinders.
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which correspond in diameter to onion foliage. Significantly fewer eggs were laid
around 1,16, and 20 mm surrogates (Harris and Miller, 1984). In choice and no-choice
experiments, altering the surrogate stem diameter from 4 to 15 mm resulted in a greater
reduction in oviposition than altering or removing the color or odor stimulus (Harris and
Miller, 1988). The tactile stimulation provided by a narrow stem is detected while the
insect walks over the plant and is essential in eliciting stem runs and probing (Harris
and Miller, 1984), without which oviposition does not occur.
Stem diameter, believed to be a good index of host status, was the primary host
cue regulating oviposition in Lipara lucens Meigen (Chloropidae) on stems of common
reed. In laboratoiy choice experiments, Mook (1967) divided reed hosts into 8 stem
diameter classes and compared oviposition as well as the frequency of occurrence and
latency (an index of rapidity of onset) of each step in the preovipositional sequence on
stems in each size class. In the size class receiving the most oviposition, flies engaged
in more preovipositional behaviors and progressed more rapidly through the sequence,
with the result that they oviposited more often. These results were corroborated by
experiments using artificial stems and in field cages. Mook showed that offspring
survival in the pre-gall phase was highest on the thinnest reed stems, because larvae
could penetrate them more easily, while survival in the post-gall phase was highest in
the thickest stems, because they provided better protection from predator and parasitoid
attack. The range of preferred stem diameters probably represents a compromise
between these competing forces.
The effect of oviposition site size on the queen honey bee, Apis mellifera L.
(Apidae), is perhaps unique. A queen deposits her eggs singly into cells in the honey
comb prepared by worker bees (Koeniger, 1970). When she encounters a normal cell,
she deposits a fertilized egg which will mature into a female worker, while into the
larger drone cells she deposits an unfertilized egg which will develop into a drone.
Each oviposition is preceded by a brief inspection in which the queen inserts her

36

antennae and forelegs into the cell. Queens prevented from entering cells during their
inspection by attachment of cellophane tape spurs to their forelegs laid fertilized eggs in
all cells, irrespective of their size (Koeniger, 1970). Amputation of a single foreleg had
no effect, but amputation of both forelegs also eliminated a queen's ability to respond to
differences in cell size. These results suggest that cell size is discerned during the
preoviposition inspection by means of the forelegs, and that the placement of either
foreleg, rather than the spacing between them, enables the queen to make her
assessment.
The preeminence of tactile cues in the assessment of host egg size by
Trie hog ramrna spp. (Trichogrammatidae) parasitoids has been elegantly demonstrated
in a series of experiments begun by Klomp and Teerink (1962, 1967) using T.
embryophagum Htg. and extended by Schmidt and Smith (1985, 1987a, 1987b, 1987c,
1989) using T. minutum Riley. Trichogramma wasps are gregarious egg parasitoids,
primarily of Lepidoptera. Any object projecting from the substrate that falls within the
appropriate range of sizes and shapes will elicit inspection (for evidence of prior
parasitization) and oviposition behavior (Klomp and Teerink, 1962; Schmidt and Smith,
1985). During her inspection, a wasp independently assesses the volume and the
diameter of host eggs (which are not perfectly correlated because host eggs differ in
shape) (Schmidt and Smith, 1985). The wasp assesses the host egg volume on the basis
of the duration of her initial traverse of the host egg, which roughly follows a great
circle route. This determines the number of eggs she will allocate to the host (Klomp
and Teerink, 1967; Schmidt and Smith, 1987a, 1987b). From the curvature of the host
egg, she assesses its diameter, which determines the overall duration of her inspection
(Schmidt and Smith, 1987a, 1987c). Wasps are equally capable of making their
assessments in complete darkness, indicating that vision is not necessary (Schmidt and
Smith, 1985). During their inspections, wasps travel at the same absolute speed
irrespective of their physical size, so large and small wasps make the same assessment

of the appropriate clutch size for any given host egg. However, the degree of curvature
experienced by a wasp walking over a host egg is a function of her physical size; a
larger wasp will always experience more curvature than a small one on a given host
egg. Consequently, the duration of an inspection made by a small wasp on a particular
host egg will be greater than one made by a large wasp (Schmidt and Smith, 1987c,
1989). Although host rejection may result from chemical (e.g., evidence of prior
parasitization) as well as physical (e.g., inappropriate host size or shape) cues, the
process of host assessment relies heavily on tactile cues (Klomp and Teerink, 1962;
Schmidt and Smith, 1985).
Egg parasitoids are not the only ones to respond to host size. Numerous studies
have found a correlation between patterns of oviposition of gregarious parasitoids and
the sizes of larval, pupal, or adult insect hosts. In addition to clutch size (Salt, 1961,
and all citations in this paragraph), host size has been correlated with intensity of
parasitoid examination (e.g., Aphidius ervi Haliday [Braconidae]: Battaglia etal.,
1995) , host acceptance rates (e.g., Colpoclypeus florus [Walker] [Eulophidae]:
Dijkstra, 1986; Metaphycus helvolus [Compere] [Encyrtidae]: Lampson etal., 1996),
and sex ratio of offspring (e.g., C. florus: Dijkstra, 1986; M. helvolus: Lampson etal.,
1996) . However, in view of the vast number of documented examples and the paucity
of experiments shedding light on the mechanisms of discrimination, I restrict my
discussion to studies in which the actual or apparent sizes of hosts were artificially
manipulated in order to evaluate the role of physical size on host acceptance. This has
been accomplished either by using artificial hosts or by concealing or removing a
fraction of natural hosts. Battaglia etal. (1995) compared acceptance rates by Aphidius
ervi, whose natural host is Acyrthosiphonpisum (Harris) (Aphididae), the pea aphid, of
2- and 6-mm-diameter glass beads covered with aphid cornicle wax secretion.
Although the duration and frequency of antennation of the larger spheres exceeded that
of the smaller spheres, there was no significant difference in acceptance rates. Battaglia
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etal. (1995) concluded that the more extensive examination of the larger spheres
reflected their larger surface areas, but that, within the range of diameters offered, host
size did not affect Aphidius preference. Similarly, when Wylie (1967) offered Nasonia
vitripennis (Walk.) (Pteromalidae) either exposed Musca domestica (L.) (Muscidae)
puparia (25% embedded in plasticine base) or buried puparia (67% embedded in
plasticine), there were no significant differences in the acceptance rates or clutch sizes
between the two treatments. These results suggested that the wasps responded to
something other than puparium volume or surface area, such as diameter or degree of
curvature. Takagi (1986) presented Pteromalus pup arum (L.) (Pteromalidae) with
either fully exposed pupae of one of its hosts, Papilio xuthus L. (Papilionidae), or halfex posed pupae inserted through holes in filter paper discs. P. puparwm spent only half
as long attacking half-concealed hosts, suggesting again that search time was
proportional to surface area. In contrast to N. vitripennis, however, P. puparum laid
only 60 to 70% as many eggs in half-concealed pupae as in fully exposed pupae,
implying that females assess host surface area or volume.
Dijkstra (1986) conducted a particularly thorough investigation into the factors
involved in host size assessment by Colpoclypeus floras, a parasitoid of tortricids.
After showing that clutch size varied with host size both between and within instars of
its host, he created fourth instar larvae (L4) of different lengths by ligating either the
last segment or the last third of their bodies. There was no difference in wasp
acceptance rates or clutch size between treatments, indicating that wasps did not use
larval length to assess their size. He then compared clutch sizes laid in (unaltered) LA
larvae having the same body diameters but different head capsule widths and in larvae
having the same head capsule widths but different body diameters. Clutch size was
independent of head capsule size, but increased with abdominal thickness of same-aged
hosts. Finally, he compared clutch sizes in L3 and LA larvae in their own and each
other's webs (web size increases with larval size) and found that clutch size also
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increased with web size. He concluded that during their investigations of a webbed
larva, wasps assessed web dimensions and larval diameter, and used these to determine
the number of eggs a host could support. In addition to measuring host dimensions or
surface area, parasitoids may obtain information about the size of hosts indirectly from
other tactile properties including cuticle thickness (Vet et al., 1993; Lampson et al.,
1996), strength of larval struggles (Vet et al., 1993), and changes induced by drilling
(Wylie, 1967).
Like surface texture and configurational cues, the size of host structures is
involved in both oviposition site identification and assessment, of which the latter is
more important Specialist herbivores in particular may evolve to respond to a
restricted range of dimensions of host structures such as stems or fruits as one
component of host recognition (e.g., Rhagoletis cerasi: Prokopy and Boiler, 1971;
Delia antiqua: Harris and Miller, 1984). Size also provides information about host
suitability (e.g., Lipara lucens: Mook, 1967), developmental state (e.g., Cryptophlebia
illepida and C. ombrodelta : Jones, 1994), and the number of offspring that can be
sustained (e.g., Trichogramma minutum: Schmidt and Smith, 1987a, 1987b). The
effect of host size on reproductive success has been particularly well-studied among
parasitoid species, where it has been shown to affect offspring survival (N. vitripennis:
Wylie, 1967; C. floras: Dijkstra, 1986), weight (N. vitripennis: Wylie, 1967;
Metaphycus helvolus: Lampson et al., 1996), fertility, longevity, and male mating
success (Lampson et al., 1996). An insect's ability to sense the size of a host or host
structure provides it with one more source of information about the quality of a putative
oviposition site, and further serves to restrict egg deposition to optimal locations.
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Orientation

Another area of research into physical factors involved in oviposition site
selection concerns the importance of the orientation of the oviposition site or associated
structures of the host. Several studies of species that oviposit on leaf surfaces revealed
that site selection was at least partly influenced by leaf orientation. In Stadler’s (1974)
study of Choristoneura fumiferana, significantly more eggs were laid on the downwardfacing needle surface, irrespective of branch orientation. This suggests that the
underside of needles is not preferred for any intrinsic reason, but that gravity is one cue
used to locate the oviposition site. Corroboration is provided by Grant and Langevin's
(1994) observation that conifer-feeding Choristoneura spp. preferred to oviposit on the
underside of filter paper lining the top of laboratory arenas, rather than on the upper
surface of filter paper lining the cage floors. Wilson (1964) observed that most
ovipositing females aligned themselves head up along the undersides of needles.
Presumably, most females in Stadler’s (1974) study adopted this stance irrespective of
branch orientation, and most in Grant and Langevin's (1994) study oviposited while
suspended from the filter papers forming their cage ceilings.
Mayetiola destructor responded to the orientation of grooves on the oviposition
substrate. In their study of oviposition on waxed filter paper strips, Harris and Rose
(1990) compared the acceptability of substrates with vertical and horizontal scorings.
Females evinced a strong preference for vertical grooves, which correspond to those
occurring on the leaves of wheat, its natural host. On host plants, females moved their
ovipositors laterally across the leaf surface prior to oviposition within grooves. These
results suggest that females locate grooves with their ovipositors and then deposit eggs
in them, and that vertical grooves are more likely to be encountered because of the
preferred body orientation of ovipositing females.
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Van Leerdam etal. (1984) and Poston etal. (1979) both offered their subjects a
choice of vertically or horizontally oriented substrates (the latter group included a
diagonal treatment). Eureoma loftini laid significantly more eggs, egg masses, and eggs
per mass on vertically, rather than horizontally, oriented sugarcane leaves (van Leerdam
etal., 1984); the authors do not comment on the biological significance of this finding.
When offered a choice of five waxed paper substrates of equal area, Diatraea
grandiosella laid significantly more eggs and egg masses (but the same number of eggs
per mass) on vertical tubes and on the upper surface of diagonal planes, fewer eggs and
egg masses on the undersurface of diagonal planes and the top surface of horizontal
planes, and fewest eggs and egg masses on the undersurface of horizontal planes
(Poston etal, 1979). Any substrate with a vertical component to its orientation was
more attractive than a completely horizontal surface, and undersurfaces were avoided.
Since all surfaces in this study were of identical composition, gravity appears to have
provided the basis for discrimination (although curvature could also be a factor). These
results suggest that D. grandiosella prefers the orientation of stems to that of leaves,
and of the angled part of leaves near the stem to the distal horizontal portion. These
results are at least partly consistent with field experiments in which more eggs and egg
masses from wild D. grandiosella populations were found on the upper side than on the
underside of leaves. In the field, more eggs were found on leaves than on stems, but as
Stewart and Walton (1964, in Poston et al., 1979) pointed out, leaf area exceeds stem
area on real plants. Poston et al.'s (1979) experiments bear repeating using real plants
while controlling for area of ovipositional surfaces.
Oviposit ion by Delia antiqua was strongly dependent on the angle of surrogate
stems in laboratory choice tests (Harris and Miller, 1984). Significantly fewer eggs
were laid around stems that deviated from the vertical by more than 30°. Behavioral
observations revealed that the four stem orientations offered elicited comparable
numbers of alightments, but flies engaged in fewer stem runs on angled stems. Flies
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that performed stem runs were equally likely to probe on vertical and nonvertical stems.
However, even flies that did engage in preovipositional behaviors laid few eggs on the
stems deviating 60° from the vertical; apparently, nearly horizontal stems did not offer
a suitable surface against which flies could brace themselves during oviposition into the
crevices between stem and soil. Thus, the significance of stem orientation is two-fold:
it functions in concert with its other physical properties, discussed in preceding
sections, to elicit exploratoiy behavior, and secondarily, affects the mechanics of
oviposition itself.
Zwolfer (1970) also explored the role of host plant orientation in his
experiments with U. qffinis. In laboratory two-choice and no-choice experiments,
females made more visits to a right side up panicle standing on the cage bottom or
suspended from the cage ceiling than to an upside down panicle suspended from the
cage ceiling. Further, fewer females that landed on the inverted panicle suspended from
the ceiling found their way to the buds, although once there they were as likely to
engage in preoviposition behaviors as those on the buds of right side up panicles. In
addition, females made more visits to buds mounted on vertical sticks on the cage floor
than to buds suspended from the ceiling on strings. Finally, fewer eggs were laid into
the buds on a (right side up) panicle when the flower stalks were bent so they pointed
downward than into the buds on a normal panicle. While it is likely that the differences
in the numbers of alignments on each pair of panicles reflected their different visual
properties, the reductions in the numbers of bud visits per alightment in the
experimental treatments demonstrate that gravity was involved in locating buds
following alightment. Indeed, Zwolfer noted than flies tended to walk upward
following alightment, using flower stalks as "guide rails" to find the buds. Females had
difficulty finding buds not attached to appropriate guide rails, even when they were in
plain sight. This suggests that gravity cues are more important than visual cues in
locating the oviposition site following alightment.
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Several studies have examined the factors affecting leaf surface preference in
whiteflies. A number of field and greenhouse studies involving a variety of host species
have reported that whiteflies and their eggs were found primarily on leaf undersurfaces
without exploring whether intrinsic or extrinsic factors accounted for this bias (van
Lenteren and Noldus, 1990; Simmons, 1994). In the greenhouse, Liu and Stansly
(1995) examined the distribution of eggs of Bemisia argentifolii that had been caged
with excised normally-oriented tomato leaves, upside down leaves, or both. In all
cases, more eggs were found on the abaxial (lower) leaf surfaces, although a slightly
higher percentage of eggs was found on the adaxial (upper) surfaces of reversed leaves.
These results suggest that a downward orientation by itself is not particularly
stimulatory to B. tabaci and imply that intrinsic qualities of the leaf surfaces dominate
leaf surface selection decisions. In similar experiments, Simmons (1994) offered B.
tabaci a choice of downward-facing abaxial and adaxial leaf surfaces of each of 10 host
species in small arenas. Whiteflies oviposited preferentially on the abaxial surface of
five species, but not of five others, supporting the conclusion that contact stimuli
dominate surface selection. (Interestingly, in contrast to Liu and Stansly [1995],
Simmons found a weak preference for the adaxial surface in tomato.) He then offered
a choice between upward- and downward-oriented abaxial surfaces of each of four
species, and found that the downward-oriented surfaces were strongly preferred. In
contrast to the preceding experiments, this one suggests that a geotropic component
does underlie at least some leaf surface preferences in whiteflies.
In laboratory experiments, Chu et al. (1995) compared oviposition by B.
argentifolii on upper and lower leaf surfaces of cantaloupe and cotton leaves in varied
orientations and illumination regimes, juxtaposing the cues provided by leaf surface,
gravity, and light. Whiteflies were offered leaves that were either right side up, upside
down, or doubled so that only the abaxial surfaces were exposed in the presence of
illumination from above, below, both, or darkness, and oviposition on upper and lower
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surfaces was compared. Although the experiments were well-conceived, the
conclusions often appeared inconsistent with the results; the conclusions presented here
are my own. On normally oriented leaves, virtually all eggs were laid on abaxial
surfaces; there was a small but significant increase in oviposition on the upper surface
in the treatment with reverse lighting. On upside down leaves, eggs were distributed
roughly equally between the upper and lower surfaces in the uniform light treatments,
suggesting to these authors that, in the absence of directional light cues, half the
population responded to gravity cues and half to surface cues. Rather surprisingly,
when only abaxial surfaces were available, barely two thirds of oviposition occurred on
the downward facing surface in the uniform light treatments, corroborating my
conclusion that similar proportions of individuals responded to gravity and surface cues,
with those responding to the latter divided among the two available undersurfaces.
Directional light had the strongest effect when leaves were upside down; twice as much
oviposition occurred on the upward facing undersurface under reverse as under normal
lighting. Directional light did not have a significant effect in the double leaf
experiment. These results suggest that contact and gravity cues are of comparable
importance, with some individuals responding primarily to one and others primarily to
the other. Light cues appear to be of secondary importance, but are more influential
when leaf surface and gravity cues are in conflict A fuller picture of the interaction
between surface and gravity cues would be obtained if vertically oriented leaves were
offered, so that gravity cues were eliminated, and if whiteflies were tested individually,
to determine whether the heterogeneity observed reflects the behavior of individuals or
of the population.
The experiments examining the influence of gravity on oviposition indicate that
orientational preferences serve to guide females to particular oviposition sites or
surfaces of a host plant. When Urophora affinis (Zwolfer, 1970) exhibits a negative
geotaxis following alightment or Delia radicum (Roessingh and Stadler, 1990) follows
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vertically-oriented veins or creases in host leaves, each moves so as to encounter its
preferred oviposition site. Oviposition may be limited to certain surfaces because
females have a preferred body orientation for preovipositional behaviors or for
oviposition. For example, a host with a vertical stem elicits stem runs more effectively
in D. antiqua (Harris and Miller, 1984). While ovipositing, Mayetiola destructor
(Harris and Rose, 1990) aligns its body vertically, while C.fwniferana (Wilson, 1964)
clings to the underside of spruce needles. Eorouma loftini (van Leerdam etal., 1984)
and D. grandiosella (Poston et ah ,1979) prefer substrates to the degree that there is a
vertical component to their orientation. As with other tactile stimuli, orientational cues
facilitate both host recognition and concentration of oviposition on the most suitable
regions of the host.
A variety of environmental or morphological factors may cause insects to
oviposit preferentially on surfaces with a particular orientation. A number of
microclimatic differences between upper and lower leaf surfaces have been identified
that may promote evolution of a preference. Compared to the leaf undersurface, the
upper surface experiences greater exposure to sun and rain (Chu et al., 1995), higher
temperatures under insolation (Willmer, 1986; Kyi et al., 1991), and lower average
relative humidities (Kyi etal., 1991). Trialeurodes vaporariorum walked to leaf
undersurfaces following alightment apparently to avoid direct sunlight, because they
returned to the upper surface when a strong light was introduced from below (in van
Lenteren and Noldus, 1990), and Spodoptera littoralis avoided the adaxial surface in
the field but not in the lab, also apparently in response to differences in light intensity in
the two environments (Kamel, 1965). Predation rates may also differ between upper
and lower leaf surfaces or between the center and periphery of plants. One study of
within-plant H. zea egg distribution in cotton found higher predation on terminals than
on leaves (Farrar and Bradley, 1985), although several others have failed to detect
differential predation pressures on different plant surfaces (Kyi etal., 1991; Nuessly
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and Sterling, 1994; and references therein). In field but not greenhouse trials, Kyi etal.
(1991) found that the disappearance of Helicoverpa armigera (Hubner) (Noctuidae)
eggs was higher on leaf undersurfaces, and speculated that this resulted from eggs
simply becoming detached as leaves expanded. No such difference in survival by leaf
surface was reported for larvae. In foliage-feeding species, the morphological
differences between the upper and lower sides of leaves may affect the newly hatched
larvae's ability to feed. The surfaces differ with respect to cuticle thickness and density
of stomata, while the adjacent internal regions differ with respect to proximity of
vascular bundles, cell type and density (air-filled spongy mesophyll vs. dense palisade
layer) and the amount of interstitial fluid (Chu et al., 1995). Insect morphology may
also impose constraints; the dorsal anus of homopterans dictates that these animals
cannot feed dorsal side up for long due to the risk of clogging the opening (Chu et al.,
1995). The apparent oviposition preference of whiteflies for abaxial surfaces
(Simmons, 1994; Liu and Stansly, 1995; Chu et al., 1995) may simply reflect the needs
of adults and nymphs to feed ventral side up.

Moisture

Another physical feature affecting the acceptability of oviposition sites for some
species is moisture (Renwick, 1989). The presence of moisture on the oviposition
substrate increased oviposition, even in the absence of host plant material, in Lygus
linealaris (Snodgrass and McWilliams, 1992); Ceratitis capitata (Sanders, 1962); Psila
rosae (Bohlen, 1967); Manduca sexta (Sparks, 1973); Etiella zinckenella (Hattori and
Sato, 1983; Hattori, 1988); Trichoplusia ni (Shorey, 1964); Spodoptera littoralis (Mehta
and Saxena, 1970); Heliothis viriscens (Navasero and Ramaswamy, unpubl., in
Ramaswamy, 1988); and Anadevidia peponis (Fabr.) (Noctuidae), the cucumber looper
(Ichinose and Sasaki, 1975). Shorey (1964) observed that T. ni made more approaches
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toward a moist oviposition substrate in a choice situation, and suggested that the
moisture was detected (by means of the local humidity gradient) before alighting. In
contrast, moistened artificial substrates deterred oviposition in Plathypena scabra
(Pedigo, 1971), Phthorimaea operculella Zell. (Traynier, 1975; Fenemore, 1978), and
Etiella zinckenella (Hattori, 1988).
Wolf son (1980) conducted a series of two-choice laboratory experiments with
Pieris rapae in order to determine the effect of host nutritional status on oviposition.
Unexpectedly, he found that butterflies consistently selected host plants with the highest
water content, irrespective of nutrient regime or allylisothiocyanate concentration, and
that leaf age preferences under different nutrient regimes were also explained by their
water content. Although (between- and) within-species host plant choices are
commonly attributed to differences in allelochemical or nutrient concentrations,
Wolfson (1980) concluded that "within the host range delineated by allelochemicals,"
other plant qualities such as water content may predominate.
Oscinellafrit (Cunliffe and Hodges, 1946) and Delia radicum (Zohren, 1968)
oviposit into crevices in the soil at the base of their host plants, and both have been
found to oviposit more into dry than moist soil. Cunliffe and Hodges (1946) concluded
that soil moisture resulted in the consolidation of the soil around the base of oat
seedlings, closing the gap between plant and soil and inducing O.frit to deposit a larger
percentage of its eggs on the plant. A similar process may occur in the case of D.
radicum. Several species of soil-ovipositing scarabaeids, including Popillia japonica,
Macrodactylus subspinosus (F.), the rose chafer (Allsop et al., 1992), and the white
grubs Ligyrus subtropicus (Blatchley) and Cyclocephala parallela Casey (Cherry et al.,
1990) laid more eggs in soils with higher moisture levels in laboratory tests; all but M.
subspinosus did so even in no-choice situations. Diabrotica undecimpunctata also
oviposited preferentially in moist soils in greenhouse choice trials (Brust and House,
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1990). The walk over the substrate performed by females prior to oviposition
(described earlier) may be involved in soil moisture assessment.
Moisture has little or no role in host identification but may be critical a
component of host suitability. Eggs of some species can absorb moisture from host
plant leaves (e.g., Cacopsylla pyricola: Horton, 1990). Moisture or humidity levels
also provide information about leaf age, host health or microclimatic conditions (Mehta
and Saxena, 1970; Harris and Miller, 1984). The moisture content of the substrate is
particularly important to soil-ovipositing beetles because their eggs must absorb water
from the substrate to attain their full volume (Regniere etal., 1981).

Conclusion

Insects typically take advantage of one or a few specific kinds of oviposition
sites. Phytophagous insects typically target particular plant structures such as the
surfaces of leaves or stems, or grooves or cavities created by veins, leaf axils, bud
bracts, flowering or fruiting structures, bark, or soil at the base of the host plant.
Parasitic insects exploit a particular host and life stage. Mechanosensory information
may be involved in every post-alightment stage of the process (Bemays and Chapman,
1994), from host identification and assessment through oviposition site location and
evaluation to the act of oviposition itself. Typically, tactile information is integrated
with odor, contact chemical, and visual information, particularly during the earlier steps
of the process (Harris and Miller, 1984, 1988). Oviposition sites are located and
identified partly or exclusively by their physical characteristics, especially surface
texture, shape, and orientation (Painter, 1951; Beck and Schoonhoven, 1980; Renwick,
1989; de Ponti etal., 1990). Following site location, evaluation may additionally
involve size and moisture cues, enabling an insect to gather as much information as
possible before making one of the most critical decisions of its life.
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Because final

stages of oviposition site acceptance are typically dominated by information obtained
via the mechanosensory channel (Painter, 1951; Bohlen, 1967), tactile cues often have
the final word in oviposition site selection.
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CHAPTER 2

THE ROLE OF PHYSICAL FACTORS IN CRANBERRY FRUITWORM
OVIPOSITION SITE SELECTION

Introduction

A phytophagous insect engaged in the process of oviposition must select a host
plant in a suitable environment and then be able to identify and assess prospective
oviposition sites. Information involved in the processes of identification and
assessment may be obtained through one or more of several modalities, principally
olfaction, contact chemoreception, vision and touch (Ramaswamy, 1988). In the case
of cranberry fruit worm, which oviposits into the calyx of developing cranberries, an
an^Botally-reported prefereiflef or isolated fruits suggested that physical clj|ra|teristics
of the immediate surroundings might affect the probability of oviposition on any
particular fruit. Further, the distinctive physical configuration of the oviposition site
suggested that this system would be well-suited to an investigation of the tactile cues
used in oviposition site location and evaluation. This study was conducted to explore
the physical properties of acceptable host fruits and of their immediate environment.
The spatial arrangement of host plants has been shown to affect patterns and
probability of oviposition in a variety of species. In a field study, Wiklund and Ahrberg
(1978) observed that the pierid butterfly Anthocharis cardamines L. oviposited on any
cruciferous inflorescence encountered, with the result that isolated plants and plants at
the edges of stands received a disproportionate number of eggs. In another field study
of the same species, Courtney (1982) found that larger inflorescences received more
eggs because they were more likely to be encountered. In a field cage study, McLain
(1992) created small (8 plant) and large (24 plant) patches (same density) of composite

51

host plants for the lygaeid bug Neacoryphus bicrucis and released 60 females half way
between patches. Roughly twice as many females were found in the large patch at any
moment, but 6.5 times as many eggs were laid there. Evidently, several properties of
the spatial distribution of host plants, including plant size and patch size, density and
arrangement may affect the probability that any particular oviposition site will be
exploited.
Following alightment, a combination of physical and chemical properties of host
plants affect whether and where a female will proceed to oviposit. A number of elegant
investigations have demonstrated that several dipteran species require highly specific
tactile, and usually simultaneous chemical or visual, stimuli to manifest normal
oviposition behavior.

While many studies of lepidopterans have correlated oviposition

rates with individual tactile, chemical or visual properties of host plants, they have not
characterized the behavioral consequences of altering particular post-alightment stimuli
or elucidated their interplay with the same degree of detail.
Several studies have demonstrated the primacy of tactile cues in modulating
post-alightment oviposition behavior among tephritid flies, while chemical cues appear
to play a secondary role. Currie (1932) showed that Euaresta aequalis Loew., the burrseed fly, made oviposition attempts when placed upon artificial hosts that physically
resembled host seeds, but not on physically altered host seeds or surrogates treated with
host odor but lacking key morphological characteristics. He concluded that postalightment oviposition behaviors were stimulated by seeds that combined the correct
size with a rounded shape and hooked spines. In a detailed series of investigations
involving a group of related gall-makers, Urophora siruna-seva Hg. (Zwolfer, 1968,
1969), U. affinis Frfld. (Zwolfer, 1970), U. stylata Fabr. (Zwolfer, 1972b) and
Chaetorellia sp. (Zwolfer, 1972a), that reproduce in the buds of thistles, Zwolfer
showed that the physical configuration of the bud surface and the structural integrity of
the developing florets within determined the incidence of preoviposition behaviors,
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oviposition attempts and ovipositions. Manipulations that preserved the structure of the
bud, including coating the bud with a single layer of paraffin wax (Zwolfer, 1970), did
not affect attempts at oviposition, whereas those that altered the shape of the bud or
florets, including reconfiguration or removal of the bracts or the addition of multiple
wax layers, reduced or eliminated behaviors associated with oviposition. Further,
nonhosts that were modified so that they physically resembled hosts elicited
preoviposition behaviors and oviposition attempts (Zwolfer, 1968, 1969, 1972a, 1972b).
Although Zwolfer failed to control for the chemical changes induced by his physical
alterations, he convincingly demonstrated the primacy of mechanosensory cues in
identifying oviposition sites and eliciting ovipositional behaviors. Finally, in a study of
Rhagoletis cerasi (L.), the European cherry fruit fly, Prokopy and Boiler (1971) found
that the proportion of arriving flies that attempted oviposition and the number of eggs
deposited in artificial hosts depended on their shape, size, surface texture, penetrability
and surface moisture. Fruit color also affected the rate of oviposition, but the presence
of a host odor did not. Prokopy and Boiler concluded that a combination of mostly
tactile properties effectively restrict R. cerasi oviposition to host fruits at the optimal
developmental stage to support larval maturation.
Other studies involving dipterans have shown that oviposition requires
simultaneous stimulation from two or more modalities, one of which is invariably
tactile. Oscinella frit L. (Chloropidae), the frit fly, oviposits most readily into the
grooves formed between the coleoptile sheath or the soil and the stem of its graminous
hosts. Successful surrogate hosts incorporated a vertical structure projecting from the
substrate, a groove or crevice, and a source of host odor, while the absence of any one
of these stimuli virtually eliminated oviposition (Ibbotson, 1960; Jonasson, 1977). In
the laboratory, Mayetiola destructor (Say) (Cecidomyiidae), the Hessian fly, oviposited
on extract-treated waxed colored filter paper strips that were scored longitudinally so as
to simulate the venation on wheat host leaves (Harris and Rose, 1990). Removal of any
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one of the tactile (scoring), visual (color) or chemical stimuli resulted in a significant
reduction in oviposition in choice tests.
The highly stereotyped oviposition behavioral sequences of Delia radicum (L.)
(Anthomyiidae), the cabbage root fly, and D, antiqua (Meigen), the onion fly, make
them ideal vehicles for analyses of the factors involved in oviposition. In laboratory
studies, oviposition rates of the cabbage root fly were affected by glucosinolate
concentration (Nottingham, 1988), host size and color, and numerous tactile
characteristics, including surface texture, the presence of veins or folds, and the
presence of a stem (Roessingh and Stadler, 1990), Direct observations revealed that the
presence of leaf surface chemicals and vertical folds promoted stem runs, a prerequisite
for oviposition. In laboratory studies, Harris and Miller (1982) demonstrated that
normal oviposition could be elicited by surrogate hosts incorporating a thin yellow or
green cylindrical stem and a source of onion odor, and that elimination of the tactile,
visual, or chemical component resulted in dramatic reductions in preovipositional
behaviors and therefore in oviposition. Moreover, alteration of the diameter of the
surrogate stem resulted in greater reductions in the proportion of females accepting
hosts in no-choice tests and the numbers of eggs laid in choice tests than elimination of
the color or the odor cues (Harris and Miller, 1988). Stem shape and length also
affected the proportion of flies engaging in preovipositional behaviors and oviposition
(Harris and Miller, 1984).
Among the butterfly species whose oviposition behavior is well-understood,
post-alightment behavior is typically modulated by chemical cues and relatively
insensitive to tactile factors (e.g., pierid and swallowtail butterflies: Chew and Robbins,
1984; Renwick and Chew, 1994). In contrast, the post-alightment responses of moths
tend to be much more sensitive to tactile cues (Renwick and Chew, 1994), and even
oligophagous and monophagous species often depend primarily or exclusively on
mechanosensory stimuli in the post-alightment phase for the location and assessment of
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oviposition sites. Chilo partellus (Swinhoe) (Pyralidae) (Chadha and Roome, 1980),
preferentially oviposited into grooves or creases on host plants, such as those formed by
leaf midveins. In laboratory cages, C. partellus also oviposited into artificial crevices,
such as those formed by another egg mass or a clay rope and the cage wall (Pats and
Ekbom, 1994). Etiella zinckenella Treitschke (Pyralidae) (Hattori and Sato, 1983)
oviposited primarily into the crevices formed by sepals and stipules on glabrous
varieties of soybeans. When portions of host plants were wrapped in waxed paper or
gauze, E. zinckenella oviposited as readily between layers of wrapping as into natural
recesses, even in the absence of contact with the host plant (Hattori and Sato, 1983). In
these examples, the appropriate tactile cues were sufficient to elicit oviposition, even in
the absence of a host plant.
The interplay between tactile and chemical cues is evidently more complex in
Choristoneura fumiferana (Clem.) (Tortricidae), which lays its eggs on the needles of
several species of conifers. In laboratory choice experiments, moths demonstrated clear
preferences with respect to both needle spacing (Wilson, 1964) and shape, ovipositing
more on narrow (needle-like) than square or round (leaf-like) surrogates (Stadler, 1974;
Grant and Langevin, 1994). They also oviposited on white spruce, the primary host,
and English yew (a nonhost), which has needles of very similar shape and texture,
significantly more than on balsam fir (also a host), whose needle shape and spacing are
distinctly different (Renwick and Radke, 1982). This result was striking because
balsam fir emits B-pinene, an oviposition stimulant (Stadler, 1974), and supports larval
development, whereas larvae suffered 100% mortality on an artificial diet containing
yew. On the other hand, Stadler (1974) found that oviposition was sharply reduced on
natural needles coated with paraffin or extracted with petroleum-ether, and elevated on
artificial needles treated with host extracts. Most interestingly, when females were
offered a choice of untreated plastic needles or extract-treated filter paper discs, more
eggs were laid on the needles, suggesting that substrate morphology was more
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important than substrate chemistry (Grant and Langevin, 1994). While chemical cues
certainly play a role in eliciting oviposition, Renwick and Radke (1982) and Grant and
Langevin (1994) concluded that host specificity and oviposition site selection were
more dependent on physical properties of host plants.
These studies illustrate Beck and Schoonhoven's (1980) conclusion that
mechanosensory stimuli "are frequently of paramount importance" in modulating postalightment oviposition behavior. In contrast to feeding decisions, within-plant
decisions concerning oviposition site identification and assessment may be based
primarily on tactile information (Callahan, 1957; Thorsteinson, 1960), and can be made
by some species in the absence of contact chemical cues (Hattori, 1988). In such cases,
oviposition is triggered by surfaces having the correct physical properties (Painter,
1951; Chadha and Roome, 1980), as is illustrated by species that readily lay eggs on
artificial substrates in laboratory cages.
The cranberry fruitworm, Acrobasis vaccinii (Riley), is an oligophagous pyralid
that feeds on cranberries, blueberries, and a few congeners (Franklin, 1948).
Commercial cranberries grow in monocultures of perennial recumbent woody vines.
The berries grow singly off of short shoots known as uprights. Cranberry specialists
have observed that berries along bog margins and berries protruding above the average
height of the canopy are particularly likely to be infested by cranberry fruitworm.
A female fruitworm lays her eggs individually inside the calyx on the underside
of the developing host fruit (Figure 2.1). In the laboratory, a small proportion of eggs
(5 to 8%) is found at the top of the berry, either at the junction of the stem and the berry
(less common) or in the cleft between the bracts on the berry stem (more common)
(Figure 2.1). Occasionally, eggs are laid in other irregularities on the fruit, such as in
holes left by the grazing of other insects. Further, in the laboratory, oviposition has
recently been discovered in the foliage, including in leaf and berry stem axils and under
terminal bud bracts. I consider it highly probable that oviposition on foliage is a
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laboratory artifact; no eggs were found on the foliage of 1000 field-collected uprights
collected from an infested bog (Sharma, unpubl. data). However, extracalyx
oviposition in the laboratory provides additional insight into the factors involved in
opposition site selection.
Four field choice experiments were conducted to explore the physical
characteristics of the immediate environment that affect which benies are selected for
opposition. To determine whether berry position in the canopy affected the probability
that a berry would be selected for opposition, opposition was compared on host fruits
placed at different heights. To explore the importance of host plant density, oviposition
was compared in adjacent patches of bog constructed with high and low berry or foliar
density. An attempt to explore the effect of fruit size was also made, but opposition
was too low in repeated trials to draw any conclusions.
Five laboratory choice experiments were conducted to explore the importance of
physical cues in cranberry fruitworm opposition. First, the role of the calyx was
explored by comparing opposition on fruit with the sepals of the calyx present and on
fruit from which the sepals had been removed. To explore the importance of fruit shape
and surface characteristics, moths were presented with fruits that were partially and
completely coated with paraffin wax. To isolate essential components of calyx
morphology, moths were offered berries with artificial calyxes constructed of wax. To
establish whether time since picking was important, moths were offered fruit that had
been collected from the field on two different days. Finally, to investigate the role of
graPty in locating the calyx, moths were offered normal and inverted fruits.
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Materials and Methods

Field Experiments

Experiments were conducted in commercial bogs known to have damaging
fruitworm populations. Uprights bearing berries of similar size were collected from the
field, checked to eliminate damaged or infested berries and placed in numbered piks. A
typical area of vine in the experimental bog was selected and the naturally occurring
berries removed. Piks were set 4 cm apart in a regular grid so that all berries were at a
uniform height. Two grid sizes were used: 50 x 50 cm, comprised of 144 piks; and 50
x 65 cm, comprised of 180 piks. Piks were collected after 5 to 10 days and the berries
checked for eggs using a dissecting microscope. The results were analyzed using chisquare tests, and expected values were generated by assuming that every berry was
equally likely to receive an oviposition.
Of the four kinds of choice tests were conducted, the following three tests were
successful:

•Berry height. The vine in commercial bogs resembles a shaggy lawn, and berries are
distributed throughout the foliage from the topmost uprights down. To determine
whether degree of exposure of a berry in a bog influences the probability that it will
receive an oviposition, berries at two or three different heights were mingled in a grid.
Berries in the High treatment were 10 cm above the mean upper limit of the vine,
Medium berries were 5 cm above the vine, and Low berries were at the upper limit of
the vine; the latter two treatments fall within the range of heights at which berries are
normally found. In 1991, only Medium and Low treatments were included, and were
arranged in alternating sequence. In 1992, the High treatment was added, and the three
treatments were arranged in random sequence, with equal numbers of each. The High
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berries required some means of artificial support, so florists' wire was used to "stake”
uprights in all treatments in 1992.

•Berry Density. To explore the effect of berry density on opposition rates, two
adjacent grids of identical berries at different densities were set out.

Pik spacing was

the same in both grids, but the High Density grid had 4 berries per pik, resulting in a
density of 2304 berries/m^, while the Low Density grid had 1 berry per pik, yielding a
density of 576 berries/m 2 (the same as in the other field experiments).

•Foliage Density. To explore the effect of foliage density on opposition rates, two
adjacent identical grids of berries on uprights were set out, the Foliage treatment
amongst normal foliage and the No Foliage treatment in a plot from which the existing
foliage had been completely removed with hand clippers, leaPng bare sand. In the No
Foliage treatment, the only foliage present was that of the uprights in the piks, which is
extremely sparse compared to the foliage in a natural bog.

Laboratory Experiments

Cranberry fruitworms were collected from several field sites in the preceding
August as late instar larvae and allowed to complete their development in the
laboratory. Last instar larvae overwinter in hibemacula; these were maintained in peat
moss for a minimum of 6 months in growth chambers at 4 °C and 75% RH. They were
moved to 21 °C and 70% RH four weeks before adults were needed for experiments.
Adults emerged from the hibemacula 25 to 60 days later, and were collected daily. The
moths that emerged on any given day comprised a cohort.
During the 1992 season, one or more pairs of moths were placed in an
experimental cage immediately following emergence. However, the proportion that
mated was low, so in 1993, groups of 5 to 10 pairs of moths were placed in mating
cages for 24 to 48 hours following emergence before being placed in experimental
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cages. Mating cages, 15 x 15 x 19 cm, were constructed from plexiglas frames and
nylon screening. Experimental cages were either of the same design or cylindrical
plexiglas cages of similar dimensions (18 cm diam. x 18 cm height) with organdy tops
and screen-covered ventilation holes in the sides. Both mating and experimental cages
contained a dispenser of 10% sucrose-honey-water and cranberry foliage with berries in
as natural a configuration as possible.
Mating and opposition rates fluctuated with time and environmental conditions
in unpredictable ways. Pats and Ekbom (1994) experienced difficulty obtaining
opposition from another pyralid, C. partellus , even in seminatural conditions. They
found, as I did, that only a fraction of moths mated and laid eggs. To minimize the risk
that an entire cohort of moths would fail to reproduce, I split up the moths in each
cohort and exposed them to the same treatments in two to four different locations. Four
locations were used: a basement laboratory room (usually 25 - 28 °C and 60-75% RH;
extremes 24 - 30 °C and 45 - 96% RH), a windowsill next to an open window (ambient
temperature, humidity, and light), and shaded enclosures on and adjacent to a cranberry
bog. The laboratory room lights were maintained on a schedule of 16 hours light, 1
hour twilight, 6 hours dark, and 1 hour twilight.
The experimental arrays for oviposition consisted of 12 to 21 cranberries
divided among two to five treatments. Uprights bearing cranberries were collected
from the field at least twice a week (usually daily) to be used in their construction.
When possible, berries were left on uprights, but in some experiments, it was necessary
to detach them from the plants. In such cases, the berry along with its stem was
detached from its upright and affixed to a surrogate support wire by means of a dollop
of paraffin (Figure 2.2). Although one side of the berry was thus obstructed, the berry
was held in a natural orientation and readily accessible to females from most directions.
Whether on uprights or wire supports, berries were arranged in florist’s water piks
supported in sand. When berries were mounted on wires, a sprig of foliage was inserted
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into the pik as well (Figure 2.2). One berry from each treatment was placed in each pik
unless indicated otherwise below. All berries within a cage were controlled for
collection date and treatment date, and berries within a pik were controlled for height
and size. Arrays of berries were replaced after one to three days and checked for eggs
under a dissecting microscope. Moths were provided with arrays until they ceased to
lay eggs (between 3 and 8 days of age).
On each berry, three locations were checked for eggs (Figure 2.1): the calyx,
the berry-stem junction, and (in 1993 only) the cleft between the bracts and the berry
stem. (The fact that the latter site receives a small but significant proportion of
ovipositions was not discovered until 1993.) Near the end of the 1993 season, it was
discovered that some females oviposited on foliage as well. Subsequently, foliage in all
cages was checked, but eggs on foliage were excluded from analyses.
The distribution of eggs on berries in each experiment was analyzed by means
of a chi-squared test. The expected numbers of eggs found in each treatment were
calculated by assuming that, in the absence of discrimination among treatments, each
berry should be equally likely to receive an oviposition, and therefore that oviposition
rates would be identical between treatments. In most experiments, the number of
berries per treatment was identical, so the expected number of eggs in each treatment
was also identical. On the rare occasions when berries were not equally distributed
among treatments, the expected numbers of eggs reflect the unequal distribution of
berries. The degrees of freedom of X2 tests is stated when it differs from unity.
The following choice tests were conducted:

•Calyx Status. Moths most often lay eggs at the bottom of the berry inside the calyx
against the sepals. To explore the importance of the calyx itself in defining the
oviposition site, moths were presented with three different kinds of calyxes. The sepals
of the calyx were removed with a razor blade from No Calyx berries, leaving a flat,
smooth undersurface to the berry. On Cut Calyx berries, the sepals were severed in the
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same way without being removed, and Control berries were intact. Berries were left on
uprights.

•Waxed Berries. To explore the relative importance of shape and surface
characteristics of acceptable oviposition sites, berries were coated with wax, which
preserved the gross shape of the berry while preventing physical contact with the
surface. Moths were presented with four treatments (Figure 2.3): All Wax, berries
completely coated in paraffin; Stem Wax, berries whose upper two thirds was coated
with paraffin; Calyx Wax, berries whose calyx and lower third had been coated with
paraffin; and No Wax, berries which had not been dipped in paraffin (controls). As All
Wax and Calyx Wax berries were removed from the hot paraffin, melted wax would
pool in the calyx, filling and nearly obscuring it. Therefore, a blunt probe was placed
inside the calyx for a few seconds as the wax cooled, allowing the contours of the calyx
to be better preserved. All berries were detached and mounted on wire supports. One
berry from each treatment was placed in each pik, and three piks were placed in each
cage. Treatments were prepared immediately prior to use, and were occasionally reused
once if no eggs were found.
Oviposition rates were unusually low in early replicates of this experiment.
Therefore, a separate pik containing four control berries still attached to uprights was
included in later replicates in order to determine whether the experimental design was at
fault or whether unrelated factors were responsible for the low oviposition. The results
from four- and five-choice experiments were analyzed separately.

•Calyx Shape. The calyx forms a depression in the bottom of the berry, but eggs are
typically laid against the sepals, which constitute projections from the floor of the calyx.
Other oviposition sites may be characterized either as depressions (i.e., injuries to the
fruit) or as projections (i.e., the berry-stem junction). To determine which property of
the calyx is more significant in promoting oviposition, moths were presented with two
kinds of artificial calyxes, each reproducing one component of calyx morphology.
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First, the bottoms of berries were thickly coated with paraffin, obscuring the natural
calyx and created a smooth undersurface. Then a square flat-bottomed depression was
formed in the wax on berries in the "In" treatment, while a square projection was carved
from the wax on berries in the "Out" treatment (Figure 2.4). Each shape was the inverse
of each other and they were comparable in size to a normal calyx.
Berries in the In treatment differed slightly from Calyx Wax berries in the above
experiment. In the former, the depression formed was outside (distal to) the calyx and
shaped simply like an empty box. In Calyx Wax berries, the depression was inside the
calyx itself, was rounder, and preserved to some extent the irregularities of the natural
calyx, particularly the presence of sepals.

•Berry Age. To explore the significance of the length of time since uprights had been
collected from the field, moths were presented with fruit picked on two different days.
New berries were picked on the day of or one day prior to the beginning of the
experiment, while Old berries were picked on a different day 1 to 14 days before the
New berries. Two additional treatment pairs were tested: New berries picked 2 and 3
days prior to the beginning of the experiment with Old berries picked 7 days prior to
New berries. In each cage, all the berries in each treatment were picked on the same
day. All berries were left on uprights. In contrast to the protocol used above, all berries
in a pik were in the same treatment. Data were analyzed separately for each
combination of berry ages. The term "age" refers to the number of days between the
date the berry was picked and the date of the beginning of the experiment.

•Berry Orientation. To explore the role of gravity in locating the oviposition site,
moths were presented with berries in two orientations. Calyx Up berries were upside
down, while Calyx Down berries were right side up (control). In 1992, berries were left
on uprights and twists of wire were used to hold them against their uprights in the
desired orientation. While the moths did lay eggs on these berries, access to the berries
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was substantially altered by the use of the wire twists. Therefore, in 1993, berries were
detached and mounted in the desired orientation on wire supports (Figure 2.2).

Results

Field Experiments

There were significant differences between treatments in all experiments.

•Berry Height. Two two-choice replicates were set out in 1991 and four three-choice
replicates were set out in 1992. In both two- and three-choice trials, the highest berries
received the largest number of ovipositions (Table 2.1). In 1991, significantly more
eggs were laid on berries in the Medium treatment than on berries in the Low treatment.
In 1992, the cumulative oviposition in the High treatment was greater than in the other
treatments, but, owing to low overall oviposition, the difference was not statistically
significant. In one replicate, however, significantly more eggs were laid in the High
treatment. In both years, the highest berries present tended to receive the most
ovipositions, irrespective of their absolute height.

•Berry Density. Two replicates were set out in 1993. One experienced a highly
significant difference in oviposition per berry while the other experienced negligible
oviposition (Table 2.2). In the former, approximately the same number of ovipositions
occurred in both the High Density and the Low Density treatments. Thus, while the
oviposition rate per unit area was virtually identical, the oviposition rate per berry in the
High Density treatment was only one quarter of that in the Low Density treatment.
Moths did not respond to elevated berry densities with a corresponding increase in their
oviposition rate.

•Foliage Density. During two seasons, the oviposition rate in the Foliage treatments
was higher than the rate in the No Foliage treatments (Table 2.3). In 1992, the
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combined results from two replicates yielded a barely insignificant difference. In the
1993 replicate, however, the difference between treatments was highly significant.
Increased oviposition was associated with abundant foliage.

Laboratory Experiments

Moths discriminated between treatments in all but one test.

•Calyx Status. There was virtually no oviposition at the calyx end of berries in the No
Calyx treatment, while oviposition on berries in the Cut Calyx and Control treatments
was almost identical (Figure 2.5). Moreover, all eggs laid at the calyx end of berries in
the No Calyx treatment were laid by a single female against tiny protuberances that
were either left behind or created when the sepals were removed. After a technique for
leaving a smooth surface was developed, no eggs were laid at the calyx end of berries in
this treatment. Virtually no eggs were found at the stem ends of berries. The
acceptability of berries in the Cut Calyx treatment reveals that rejection of berries in the
No Calyx treatment resulted from the configurational change brought about by removal
of the sepals, rather than from chemical changes brought about by injury to the berry.

•Waxed Berry. The patterns of oviposition observed in the five-way and four-way
experiments were essentially the same. Calyx-end oviposition was suppressed in all
experimental treatments, and stem-end oviposition was eliminated completely in all
treatments where berry tops were coated with wax.
In the five-way experiment, significantly more eggs were laid at the calyx end of
No Wax and Control berries, and fewer eggs were laid on Calyx Wax and All Wax
berries, than expected if no discrimination between treatments occurred. The number of
eggs laid on Stem Wax berries did not differ from the number expected in the absence
of discrimination between treatments (Figure 2.6A; X2 = 74.05, df = 4, p < 0.0005).
Including stem-end oviposition did not alter the overall pattern (X2 = 71.281, df = 4, p <
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0.0005). This is not surprising since 86% of eggs were laid at the calyx end. The
proportion of eggs laid at each end of the berries in each treatment did not differ except
in the case of Calyx Wax berries, where significantly more eggs were laid at the stem
end (X2 = 33.172, df = 4, p < 0.0005).
There was no difference in the numbers of eggs laid in the two control
treatments (No Wax and Control) (X2 = 0.139). These results were consistent with
those of a preliminary experiment in which moths were presented with only No Wax
and Control berries (X2 = 0.067, n = 7 cages). Hence, it appears that berries removed
from the plants and mounted on wire supports were as acceptable as berries in the more
natural configuration. When oviposition in the three experimental treatments was
compared, fewer eggs were laid at the calyx end of All Wax berries than of Calyx Wax
berries, and of Calyx Wax berries than of Stem Wax berries (X^ = 17.15, df = 2, p <
0.0005). Similar results were obtained when stem end oviposition was included:
significantly fewer eggs were laid in the All Wax treatment than in either the Calyx
Wax or Stem Wax treatments (X2 = 14.24, df = 2, p < 0.001), which experienced
comparable oviposition rates.
The pattern of oviposition was broadly similar when die Control treatment was
absent (Figure 2.6B). In the four-way experiment, more eggs were laid at the calyx end
of the No Wax treatment, and fewer in the Calyx Wax and All Wax treatments, than
predicted if discrimination between treatments did not occur (X2 = 172.11, df = 3, p <
0.0005). When calyx and stem end oviposition were combined, the distribution of eggs
was once again similar to that of oviposition at the calyx end alone (X2 = 171.80, df =
3, p < 0.0005). Again, the proportion of eggs laid at the stem end of Calyx Wax berries
was disproportionately high, while oviposition at the calyx end of Calyx Wax berries
and the stem end of Stem Wax berries was disproportionately low (X2 = 49.16, df = 3, p
< 0.0005). When calyx end oviposition on the three experimental treatments was
compared, oviposition on Calyx Wax and All Wax berries was equivalent and
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significantly less than on Stem Wax berries (X2 = 44.87, df = 2, p < 0.0005). When
calyx and stem end opposition were combined. All Wax berries received significantly
fewer eggs than Calyx Wax berries, which in turn received significantly fewer eggs than
Stem Wax berries (X2 = 28.03, df = 2, p < 0.0005).
Overall, the opposition rate (the number of eggs per berry) in the four-way
experiment was two times that of the five-way experiment, but the rank of order of
preference of treatments was the same (All Wax < Calyx Wax < Stem Wax < Controls),
and the patterns were similar (Figure 2.6). In both series of experiments, application of
paraffin wax to any part of the fruit rendered the entire fruit less acceptable as an
opposition site, although the effect of wax at the calyx end was more extreme than the
effect of wax at the stem end. Application of wax to the calyx end resulted in an
increase in the proportion of eggs laid at the stem and, but a decrease in the overall
number of eggs laid. Application of wax to the stem end completely eliminated the
small percentage of opposition that normally occurred at that end. The presence of an
extra control did not affect the overall pattern of opposition.

•Calyx Shape. In contrast to the patterns observed in the previous series of
experiments, virtually all eggs were laid at the stem end of berries in both In and Out
treatments (Figure 2.7). There was no difference in the level of opposition between
treatments whether opposition at calyx and stem ends were combined (X2 = 1.24) or
opposition at the stem end was analyzed alone (X2 = 1.98). There was also no
difference in the proportions of eggs at each end of berries in the two treatments (X2 =
1.78). Females apparently found the stem ends much more acceptable than either of the
artificial calyxes.
The proportion of eggs at each end of In berries was markedly different from
that of Calyx Wax berries in the waxed berry experiments (Figures 6a, b vs. 7 ;X2 =
26.36, p < 0.0005). This result was unexpected because the ways in which the
treatments were created differed only slightly and for the most part the same moths
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were used in both experiments. Evidently, some property of calyxes was better
preserved by the application of wax to the calyx in the Calyx Wax treatment than in the
creation of an artificial calyx in the In treatment.

•Berry Age. Opposition on berries in the New treatment differed significantly from
that on berries in the Old treatment for every difference in berry age examined, albeit
not always in the same direction (Figure 2.8). When the age difference between Old
and New berries was one day, significantly more eggs were laid on Old berries, but
when the age difference exceeded one day, significantly more eggs were laid on New
berries (Table 2.4). Surprisingly, the degree of preference for New berries (as reflected
by the level of significance of the tests) did not change as the difference in berry age
increased. The small number of cages (n=5 to 8) involved in each paired comparison
may have been insufficient to resolve varying degrees of preference.
I speculated that the difference in acceptability between any two given
treatments would decrease with time following picking, as the differences between New
and Old berries would presumably become less pronounced. However, comparisons of
the treatment differences in 5 paired groups of cages in which the age difference
between the Old and New berries was the same, but the absolute age of the berries
differed, provided little support for this hypothesis. Although moths showed a
significantly greater preference for New berries when New and Old berries were 2 and 9
days old, respectively, than when they were 3 and 10 days old (X2 = 5.70, p < 0.025),
they did not manifest comparable preferences in three other paired comparisons. In the
fifth comparison, while there was no difference in the acceptability of 0- and 1-day-old
berries, 2-day-old berries were strongly preferred over 1-day-old berries (X2 = 26.50, p
< 0.0005). I attribute this result, which is at odds with the overall pattern of preference
for younger berries, to small sample size (n=5 cages). My results suggest that changes
in berry condition occurred slowly or in a uniform way irrespective of berry age.
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although again resolution was limited by the small numbers of cages in each paired
comparison (n=4 to 10 cages).

•Berry Orientation. During both seasons, females laid more eggs on Calyx Up berries
than on Calyx Down benies (Figure 2.9). In 1992, virtually no eggs were found at the
stem end, but in 1993, about 7% of eggs were found there. However, owing to the
change in technique used for checking the stem ends of berries, egg distribution cannot
be compared between years. The proportion of eggs laid at the calyx and stem ends did
not differ between treatments in 1993 (X2 = 0.64). Moths laid more eggs on upside
down berries, but the same proportion at each end of the berry in both treatments.

Discussion

Field Experiments

In the laboratory experiments, the number of berries offered at any one time was
small compared to the number of eggs a female was able to lay during the interval she
was enclosed with the berries. Consequently, I am confident that females encountered
at least some berries in each treatment during the course of an experiment and therefore
that differences in opposition rates reflect real differences in the acceptability (sensu
Singer, 1986) of treatments. In the field experiments, in contrast, acceptability was
inevitably confounded with probability of encounter. Thus, I interpret the fact that
more eggs were always laid on the highest berries available in the Berry Height
experiment to reflect differences in the probability that a female will alight on or near a
high berry, rather than to reflect a real difference in the acceptability of berries located
up high. I infer that the apparency of berries in a bog is not equal, and that berries that
are more exposed and less embedded in the surrounding foliage are more likely to be
encountered. My results confirm reports from workers in the cranberry industry that
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berries on uprights that naturally project above the average height of the canopy are
especially likely to be infested by fruitworm.
The results of the Berry and Foliage Density experiments reveal that fruitworm
discriminate on the basis of foliage density--but not berry density-laying more eggs per
unit area in regions of dense foliage. The results of the Berry Density experiment were
consistent with those of Wiklund and Ahrberg (1978), who found a disproportionate
number of eggs from A. cardamines in regions of low host density. The number of
fruitworm eggs laid in high and low density patches (of equal area) was roughly the
same, with the result that individual host fruits in the lower density patch were more
likely to receive oppositions. This suggests that fruitworm are not sensitive to
differences in to berry density. In contrast, the results of the Foliage Density
experiment were more reminiscent those of McLain (1992), who found that N. bicrucis
oviposited disproportionately in large patches. The number of fruitworm eggs found in
patches with normal foliage density was much higher than in those lacking foliage. In
both cases, areas where the host plant was more abundant were preferred opposition
sites.
It appears that females use foliage density, but not berry density, to assess
patches of bog. While the density of foliage in cranberry bogs is not always correlated
with berry density, areas of bog with extremely thin foliage (as in die No Foliage
treatment in the Foliage Density experiment) do not support many berries, and certainly
represent areas where a fruitworm larva would be unlikely to find sufficient berries to
complete development. Moreover, gross differences in foliage density are readily
discernible, whereas berry density is more difficult to assess since some berries are
always obscured by foliage and other berries; further, the better the patch quality, the
smaller the proportion of berries that is detectable by an organism moving on or over
the surface of the canopy. Also, most berries are quite small (<8 mm diameter) during
the interval of peak fruitworm emergence, and some have not yet appeared (petal fall is
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not complete before peak emergence), so the berry density apparent to an ovipositing
female may not correspond to that available to her offspring during development. Thus,
it makes sense for fruitworm to have evolved to use foliage density, rather than berry
density, as an approximate indicator of host patch quality.

Lab Experiments

The results of the lab experiments demonstrate that the condition of cranberry
host fruits is extremely important to an ovipositing cranberry fruitworm. Removal of
the calyx or alteration of its shape or surface characters resulted in greatly reduced
opposition. The application of paraffin to any part of the fruit surface inhibited
opposition, while inverting fruit promoted it. Finally, the acceptability of picked fruit
diminished somewhat over time.
Regrettably, I was never able to observe the opposition behavior of cranberry
fruitworm during the course of these experiments, but it has since been described.
Sharma (unpubl. data) observed opposition by a small number of females. Prior to
opposition, a female alighted on the upright, walked onto the berry and rested on top,
then made tarsal and antennal contact with the calyx, circled the calyx one or more
times while antennating the fruit, then turned and inserted her oPpositor into the calyx
and deposited her egg. Similar behaPor has been observed in other pyralid species,
although the preoviposition sequence observed in fruitworm appears to be more
elaborate and stereotyped than those described by other investigators, possibly
reflecting greater specificity in opposition site requirements. Etiella zinckenella
(Hattori, 1986,1988) and Chilo partellus (Chadha and Roome, 1980) walked over their
host plants with abdomen bent, contacting the surface with antennae and oPpositor.
Eureoma loftini probed crevices in the surface of its host plant by extending its
oPpositor "in a telescope-like fashion" (van Leerdam et al.y 1984). Opposition
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followed insertion of the ovipositor into the crevices formed by sepals or stipules (E.
zinckenella) or creases in leaves (C. partellus: Pats and Ekbom, 1994; E. loftini: van
Leerdam et al., 1984). In each species, it appears that the distinctive shapes of plant
structures were the proximate stimuli eliciting oviposition.
In these studies, the organs that were observed to make contact with the host
plant during the oviposition sequence were the antennae, tarsi, and ovipositor (Chadha
and Roome, 1980; Van Leerdam etal., 1984; Hattori, 1986,1988; Sharma, unpubl.).
While moth antennae are chemosensory organs (Ramaswamy, 1988), the tarsi and
ovipositors of other pyralids bear both chemo- and mechanosensory sensillae (Chadha
and Roome, 1980; Waladde, 1983; Waladde etal., 1985). Light and electron
microscopy studies of the ovipositor of Chilo partellus revealed the presence of 600
mechanosensory hairs, but only four chemosensory hairs, on the anal papillae (Chadha
and Roome, 1980; Waladde, 1983). Electrophysiological studies of the ovipositor of
Eldana saccharina (Wlk.) revealed the presence of "several chemomechanosensitive
sensillae" (Waladde, 1983), and mechanosensors were also found on the ovipositor of
Etiella zinckenella (Hattori, unpublished, in Hattori, 1988). All of these pyralids, as
well as Diatraea grandiosella Dyar (Poston etal., 1979) and D. saccharalis (F.) (Sosa,
1990), will oviposit on artificial substrates without making direct contact with a host
plant, indicating that the physical properties alone of the oviposition site are sufficient
to elicit tiie final steps of the oviposition sequence. Because cranberry ffuitworm
females contacted the fruit, and in particular the calyx, with the antennae, tarsi and
ovipositor, they presumably obtained both chemosensory and mechanosensory
information prior to depositing their eggs.
The results of the Calyx Status Experiment support the hypothesis that the calyx
is identified by its physical conformation. When the sepals of the calyx were
completely removed, berries were rendered unacceptable for oviposition. The fact that
berries with severed sepals were as acceptable as berries with intact sepals indicates that
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berries without calyxes were not rejected because of chemical changes resulting from
damage to the berries. Rather, the calyx must be present (at least in part) to elicit
oviposition. These results parallel those of Currie and Zwolfer, who found that
alteration or removal of spines (Euaresta aequalis: Currie, 1932; Urophora siruna-seva:
Zwolfer, 1968,1969; Chaetorellia sp.: Zwolfer, 1972a; U. stylata: Zwolfer, 1972b) or
florets (U. stylata: Zwolfer, 1972b) from host flower heads greatly reduced or
eliminated oviposition behaviors by tephritids, and those of Ibbotson (1960) and
Jonasson (1977), who found that a crevice was necessary to stimulate oviposition by the
frit fly. In these species as in cranberry fruitwoim, the physical structure of the host
identified the oviposition site and elicited oviposition. The essential physical properties
of the cranberry calyx could include the projecting rim created by the sepals, the central
depression, the flat, vertically projecting side walls, the "comer" where the floor of the
calyx meets the sepals, or some combination thereof. The fact that sites exhibiting only
some of these characters, such as the berry-stem junction, were largely rejected suggests
that a combination of stimuli is required.
The Waxed Berry and Artificial Calyx Experiments were designed to provide
further insight into the properties of the fruit in general and the calyx in particular that
are involved in eliciting oviposition. I was surprised to discover that paraffin invariably
deterred oviposition, even when moths could make antennal, tarsal, and ovipositor
contact with uncoated portions of fruit while ovipositing. This was demonstrated by the
low acceptability of berries in all waxed treatments, and also by the total rejection of
comers and seams created by berry-wax junctions, such as was created when a berry
was attached to a wire support using a dollop of wax. The rejection of this site was
particularly surprising because it physically resembled the berry-stem junction and
incorporated uncoated berry surface. There are several means by which the presence of
paraffin may have altered the acceptability of fruit. It may have suppressed oviposition
by altering the physical conformation of the berry or calyx or by reducing or
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eliminating contact with stimulatory chemicals in the cuticle of the fruit, depending on
their solubility in wax. The surface texture of the paraffin may have deterred
oviposition. Other insects have been shown to be sensitive to subtle differences in
surface texture; Delia radicum oviposited at the base of surrogate leaves that had been
dipped in paraffin while rejecting leaves that had been sprayed with the same wax
(Roessingh and Stadler, 1990). Rhagoletis cerasi (Prokopy and Boiler, 1971) and C.
fumiferana (Stadler, 1974) also differentiated between artificial oviposition substrates
on the basis of differences in surface texture caused by the application of wax.
Alternatively, deterrent chemicals may have been present in the paraffin.
The application of wax to the top of the berry completely eliminated oviposition
against the stem. This result was not surprising because the viscous wax eliminated the
distinct junction of the berry and stem, covering the region with a smooth surface
having a relatively shallow degree of curvature (comparable to that of the berry itself),
and filled in the tapered gap between the stem and bracts above the berry. However, the
dramatic reduction in oviposition at the calyx end in the Stem Wax treatment—by 60 to
70%—was surprising because the area contacted by the female during the act of
oviposition was unaltered. It is possible that part of the waxed region was within range
of one or more sets of tarsal or antennal receptors, but unquestionably uncoated fruit
was also accessible. Therefore, it seems likely that some aspect of the preovipositional
behavioral sequence was affected. Waxing the upper portion of the fruit may have
sufficiently altered the physical or chemical stimulation experienced when a female first
walked onto a fruit that she was less likely to recognize or to proceed to investigate the
fruit. Observations of females will be necessary to identify the nature of the deterrent
effect of the Stem Wax treatment.
Although a smaller proportion of the fruit surface was coated in the Calyx Wax
treatment than in the Stem Wax treatment, berries in the Calyx Wax received fewer
oppositions. This illustrates that alteration of the calyx was of greater consequence
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than alteration of the body of the fruit. A modification of the details or complexity of
the shape of the waxed calyxes may have caused their reduced acceptability. Because
the wax tended to fill in and smooth over any irregularities, the junction between the
floor and walls of the central depression was less distinct (Figure 2.3D), and the lip
formed by the sepals, which may assist the moth in locating or recognizing the calyx,
was much less prominent A waxed calyx, in short, represents a less pronounced
projection on the underside of the fruit than a natural calyx, and encloses a less distinct
and complex depression. However, calyxes are highly variable in nature, depending on
the variety and state of maturation of the fruit, so fruitworms normally experience a
high degree of morphological variability. Alternatively, the wax coating may have
reduced or eliminated contact chemical stimuli from the fruit in general or the calyx in
particular that are essential for oviposition. Any one of these modifications, or some
combination thereof, may account for the reduced acceptability of the waxed calyx.
Oviposition on berries in the All Wax treatment was lowest of all: about 5% of
that on control berries. In the 4-Way experiment, this corresponded to the level of
oviposition that would be expected if the effects of waxing the top and bottom of berries
were additive. In the 5-Way experiment, the level of oviposition observed in the All
Wax treatment was even lower, as if a synergistic effect resulted when the two
treatments were combined. Two explanations suggest themselves. A single stimulus
may have been affected in all three treatments (although the magnitude of its effect
should not be considered simply a function of treated surface area, as noted above).
However, in view of the results of the Stem Wax and Calyx Wax treatments, it seems
more likely that the All Wax treatment interfered with two distinct steps, preoviposition
(like the Stem Wax treatment) and oviposition itself (like the Calyx Wax treatment). In
any event, treatments in which any part of the fruit was exposed elicited a greater
response than completely coated fruit It appears that physical contact with some part
of the fruit was necessary to elicit oviposition.
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The Artificial Calyx Experiment was designed to determine whether a single
component of the shape of the calyx is sufficient to identify it to fruitworm moths as the
primary oviposition site. However, virtually complete rejection of the calyx end of the
fruit in both treatments indicates that neither component alone was sufficient to elicit
oviposition. The unexpected difference in the acceptability of the Calyx Wax treatment
(in the Waxed Berry Experiment) and the In treatments indicates that some essential
stimulus was present in the former but missing from the latter. Diffusion of an essential
chemical stimulus may have been reduced by the thicker wax used to fashion the
artificial calyxes of berries in the In treatment. Alternatively, the artificial calyxes may
have lacked a combination of physical (or physical and chemical) properties that
identify oviposition sites. In the laboratory, eggs are occasionally deposited outside the
calyx on normal berries, at the junction of the berry and stem, and in depressions in the
fruit surface resulting from injury. While this behavior could be interpreted as
indicative of a lack of specificity on the part of ovipositing females, in fact such
behavior is relatively uncommon; in the laboratory, only 5 to 8% of eggs were laid at
the stem end and very few in other sites. In nature, extra-calyx oviposition is believed
to be rarer still. The rarity of this behavior reinforces the conclusion that a specific
combination of (physical) stimuli is necessary to elicit normal oviposition.
Coating the oviposition site with paraffin had in a much more pronounced effect
on the oviposition behavior of cranberry fruitworm than on that of Urophora affinis
(Zwolfer, 1970) or Choristoneurafwniferana (Stadler, 1974). In choice tests, Zwolfer
(1970) found no significant difference in the number of oviposition attempts that flies
made on intact flower heads and on heads coated with a single layer of paraffin
(paraffin prevented actual oviposition). When the free tips of the bracts were removed
and multiple coats of wax applied, changing a rugose flower head into a smooth sphere,
oviposition attempts were sharply reduced. Nevertheless, buds thus modified elicited
20% of oviposition attempts in choice tests. Spruce budworm moths laid significantly

76

fewer eggs on paraffin-coated needles than on normal needles in choice tests (Stadler,
1974); however, 40% of eggs were laid on coated needles. In contrast, coating
cranberries with wax resulted in a nearly 100% reduction in opposition in my
experiments, suggesting that the cues used by cranberry fruitworm were much more
effectively obscured by wax than those used by U. affinis or C.fumiferana.
The greater specificity in opposition site requirements manifested by cranberry
fruitworm leads me to conclude that a more restrictive combination of factors is
required to release opposition behaPor in this species. I suggest that the sequence of
behaviors culminating in opposition resembles the following: When a female walks
onto a host fruit in search of an opposition site, she pauses (Sharma, unpubl.) to
identify the substrate by information obtained through her tarsal receptors, whose nature
may be tactile, chemical, or both. If the appropriate stimulation is obtained, she
proceeds to use her tarsi and antennae to search for a suitable structure haPng a
particular combination of physical (and possibly chemical) attributes in which to
deposit her eggs. A flat-sided recess bounded by a prominent lip and incorporating a
distinct comer seems to be most effective. HaPng located the calyx, she inserts her
oPpositor within, which enables her to evaluate further the physical and chemical
characteristics of the site, and if the site is acceptable, she proceeds to oPposit. My
results and Sharma’s observations lead me to conclude that tactile and chemical
information is involved in both initial assessment of the fruit and final acceptance of the
opposition site.
The results of the Berry Age experiment confirm that the chemical profile of the
berry is indeed significant to the female as she chooses her opposition site. Berries that
had been picked two or more days prior to exposure to caged females were generally
avoided in favor of berries picked zero or one day prior to exposure. Presumably, this
discrimination is based on changes in berry chemistry following picking, as berry
conformation remains stable for an extended period. Curiously, when the age
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difference between the two treatments was only one day, females laid more eggs on Old
berries. This result is likely to be an artifact of small subsample sizes, but certainly
suggests that berry chemistry changed little during the first day or two following
picking. The intensity of discrimination (as reflected by the level of significance of the
X2 tests) against Old berries exceeding two days of age did not change as the age of the
Old treatments increased up to 14 days. Again, this probably reflects small sample
sizes but corroborates the conclusion that berry chemistry changes slowly. I
hypothesize that berry chemistry did not change perceptibly during the first twenty-four
hours or so following picking, but that cumulative changes became detectable
thereafter. Apparently, no additional qualitative changes occurred during the balance of
die time berries were offered to females (14 days).
The results of the Berry Orientation experiments in both years reveal that
females were able to locate the calyx without reference to gravity. Upside down fruit
received many more ovipositions than upright fruit In nature, the calyx is invariably
oriented downward, so the females in this experiment oviposited predominantly in a
treatment that does not correspond to any natural situation. This unexpected result
could reflect differences in encounter rates, in ease of access, or in acceptability to the
females. Based on Sharma’s (unpubl.) report that females initially walked onto the tops
of fruits, I speculate that females walking onto inverted fruit encounter the calyx sooner
and therefore are more likely to proceed to oviposit.
Females on inverted berries presumably had to orient their body in an
uncharacteristic angle with respect to gravity to oviposit into upturned calyxes. The fact
that they did so much of the time indicates that the stimuli arising from the physical
conformation of the berry are more important than geotactic cues in allowing the
females to locate and identify acceptable opposition sites. It also demonstrates that the
relatively low percentage of eggs laid at the stem end (on normally-oriented berries)
does not arise from a less acceptable geoorientation of such sites, but reflects true
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differences in the acceptability of the conformation of the calyx and the beny-stem
junction.
Although other investigators have examined the effect of substrate orientation
on oviposition, none has performed experiments quite analogous to these. To begin
with, few have examined the significance of geoorientation in a species with such a
particular oviposition site. Numerous other investigators have explored the effect of
gravity on apparent leaf surface preferences in species that oviposit on foliage, but most
have failed to separate definitively the effects of differences in leaf surface quality, light
direction, and geoorientation. Stadler (1974) offered the spruce budworm normal or
inverted spruce boughs and measured oviposition on upper and lower needle surfaces.
Moths laid more eggs on the downward-facing surface irrespective of the bough's
orientation, which is consistent with Wilson's (1964) observation that a female usually
clings to the underside of a needle while in the act of oviposition. Van Leerdam et al.
(1984) found that Eureoma loftini preferred vertically- to horizontally-oriented sugar
cane host leaves, while Poston et al (1979) found that Diatraea grandiosella Dyar
(Pyralidae), the southwestern com borer, preferred a vertically-oriented artificial
substrate to horizontal or diagonal ones. Whitefly (Aleyrodidae) studies consistently
reveal a preference for leaf undersurfaces (van Lenteren and Noldus, 1990; Simmons,
1994), but leaf surface quality and light direction account for some observed
preferences and cannot be excluded in others (Simmons, 1994; Liu and Stansly, 1995).
However, by independently manipulating leaf orientation, accessible surfaces, and light
direction, Chu etal. (1995) was able to demonstrate a clear (but incomplete) preference
for downward-oriented surfaces in the silverleaf whitefly, Bemisia argentifolii Bellows
and Perring. These studies demonstrate that geobrientational information is widely
used by insects when selecting an oviposition site.
Perhaps the experiments most similar to mine were conducted by Zwolfer
(1970), who compared the number of alightments, bud visits, and ovipositions by
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Urophora cffinis on normal and inverted thistle panicles or individual flower stalks
under choice and no-choice conditions. Fewer females alighted on inverted hosts
structures, and of those that did, fewer were successful in walking onto a bud, although
once there they were equally likely to engage in preoviposition behaviors. Flies tended
to walk upward following alightment, using flower stalks as "guide rails" to find buds,
and had difficulty locating buds not attached to appropriate guide rails, even when they
were in plain sight. While the differences in the numbers of alightments probably
reflected visual differences between treatments, the reduction in bud visits following
alightment demonstrated that flies relied on gravitational cues to locate buds. By
making direct behavioral observations, Zwolfer was able to resolve the effects of
geoorientational cues on oviposition site location (adverse) and assessment (none).
While I was not able to resolve these two processes because I did not observe ffuitworm
in the act of oviposition, I found, in contrast to Zwolfer, that the overall effect of
inverting host fruits was to increase acceptance. As explained above, I speculate that,
consistent with Zwolfer's observations, inverting fruit affected oviposition site location
to a greater degree than site assessment, although in the case of fruitworm, it did so by
increasing, rather than decreasing, the findability of the oviposition site.
The fact that cranberry calyxes invariably open downward in nature may at the
same time account for their desirability as oviposition sites and the absence of
avoidance of inverted fruit. Nestled among the foliage under a berry, calyxes are likely
to experience relatively predictable microclimates (including absence of direct sunlight)
while offering protection from predators and physical disturbance. However, a
consequence of this consistency in orientation could be that there has been no need to
evolve the ability to discriminate on the basis of orientation, while the other physical
(and chemical?) properties of calyxes are so distinctive that orientation did not need to
become an important component of their identification. In effect, females have had no
*

need to evolve the ability to include orientation in their assessment of fruit. I propose
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that this, coupled with increased probability of encounter of the calyx after arrival on
the fruit, accounts for the demonstrated preference for inverted benies.

Conclusion

When a female cranberry fruitworm is preparing to lay eggs and has found her
host plant, she must decide where to alight, find and identify an acceptable fruit* and
locate the calyx for oviposition. During flight, vision, olfaction, and temperature
perception could provide information about the quality of the host plants. After
alightment, touch and contact chemoreception may also provide information. Based on
my results, I will speculate on the roles of pre- and post-alightment sensory information.
In my field experiments, the probability of oviposition in adjacent patches of
bog was positively correlated with foliage density, but not with berry density. In
addition, the probability of oviposition was greatest on the highest berries. Evidently,
females can assess the lushness of the foliage, but not of the fruit, at least over the range
of densities I tested. Presumably, differences in foliage density would be more readily
perceptible prior to alightment than differences in berry density, for the reasons
elaborated earlier. In contrast, it seems probable that both the foliage and berry density
differences offered in these experiments would have been detectable to a walking moth.
Further, it seems more plausible that a flying, rather than a walking, moth should be
especially likely to encounter the highest fruit. Unless a moth alights directly on the
highest fruit or foliage, oviposition on such fruits is actually likely to entail a longer
walk than oviposition onto fruits near the surface of the canopy. For all these reasons, I
conclude that females do not alight randomly but make initial assessments of local host
plant quality while in flight. Patches of bog could be assessed prior to alightment by
their appearance, odor intensity, or thermal characteristics, while isolated protruding
uprights must be detected visually (unless moths find them by flying into them). In
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short, I hypothesize that moths make some assessment of overall patch quality and pick
out some individual host plants from the air.
After a female has alighted and walked onto a host fruit, she must identify it,
assess its suitability and locate the calyx. In laboratory experiments, the presence of
wax, berry age and geodrientation, and the physical configuration of the calyx strongly
influenced the amount of oviposition. These results suggest roles for both chemical
and physical cues. A female may identify a berry by its physical conformation while
assessing its condition through evaluation of volatiles or contact chemicals. Wax on the
apex may interfere with her ability to identify the fruit, while physical or chemical
evidence of deterioration may cause her to reject it. During her examination of the fruit,
she will contact the calyx, whose physical structure may elicit attempts at oviposition.
An inverted berry may have a higher likelihood of acceptance because a female will
encounter the calyx sooner after walking onto the fruit, and therefore be less likely to
reject it. The calyx will elicit oviposition to the degree that its physical structure is
intact and surface chemistry is perceptible. Removal of the sepals and the application
of wax greatly reduce the acceptability of the calyx. Physical or chemical feedback or
both may be required at each step to ensure that the ovipositional behavioral sequence is
completed.
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Table 2.1. Berry Height Experiment. Observed and expected distributions of eggs, by
replicate and cumulative by year, and significance of departures of observed
distributions from randomness in replicates with adequate opposition.

Year
1991

Repl.
1
2
Cum.

1992

1
2
3
4
Cum.

Observed No. Eggs
High Med. Low
28
10
15
2
43
12
2
9
0
2
13

0
3
3
2
8

5
2
2
0
9

Expected No. Eggs
High
Med.
Low
19.10
18.90
8.43
8.57
27.50
27.50
4.31

4.88

4.80

9.69

9.92

10.38
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Total
38
17
55
7
14
5
4
30

X2
8.34**
10.16**
17.47***
7.45*

1.68NS ]

Table 2.2. Berry Density Experiment. Observed and expected distributions of eggs, by
replicate and cumulative by year, and significance of departures of observed
distributions from randomness in replicates with adequate opposition.

Test
Per Unit
| Area

Per
Berry

Repl.
1
2
Cum.
1
2
Cum.

Obs. No. Eggs
H. Den L. Den
22
19
.
2
1
24
20
22
2
24

Exp. No. Eggs
H. Den
L. Den
20.5
20.5
22

19
1
20

84

22

32.68

8.32

35.09

8.91

Total
41
3
44
41
3
44

X2

0.22NS
0.36NS
17.01***
17.30***

Table 2.3. Foliage Density Experiment. Observed and expected distributions of eggs,
by replicate and cumulative by year, and significance of departures of observed
distributions from randomness in replicates with adequate oviposition.

Year
1992

1993

Repl.
1
2
Cum.
1

Obs. No. Eggs
No
Foliage Foliage
7
3
3
0
10
3
19

3

Exp. No. Eggs
No
Foliage Foliage
5
5
6.48

6.52

10.94

11.06

1 Significance level is p = 0.051.
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Total
10
3
13

3.81*1

22

11.81***

X2

1.60NS

Table 2.4. Berry Age Experiment. Each combination of treatments is identified by the
age difference between berries in the two treatments (Age Diff.) and the number of days
since picking of berries in the New treatment (Age New). For each combination, the
number of cages (replicates) and the cumulative numbers of berries available, numbers
of eggs laid, and expected numbers of eggs in the absence of discrimination in each
treatment are given. The treatment receiving more ovipositions than expected in each
test is shown in boldface. Values plotted in Figure 2.8 were obtained by dividing Obs.
No. Eggs by Number of Berries.

i

Age
Diff.

Id.

Age
New
0-1 d.

No. of
Cages
6

Trtmt

Old
New

2d.

3-4 d.

5-6 d.

7-8 d.

10-11 d.

13-14 d.

Od.

0-1 d.

0-1 d.

0-3 d.

Od.

0-1 d.

2

5

3

13

3

3

Old
New

Old
New

Old
New

Old
New

Old
New

Old
New

Number
of Berries
25
53
78

Obs.
No. Eggs
74
80
154

Exp.
No. Eggs
49.36
104.64
154.00

15
20
35

10
28
38

16.29
21.71
38.00

2.43
1.82

47
101
148

85
279
364

115.59
248.41
364.00

8.10
3.77

14
32
46

43
157
200

60.87
139.13
200.00

5.25
2.30

73
101
174

31
80
iii

46.57
64.43
111.00

5.21
3.76

16
20
36

25
58
83

36.89
46.11
83.00

3.83
3.07

12
30
42

13
76
89

25.43
63.57
89.00

86

X2
12.30
5.80

18.10***

4.25*

11.87***

7.55**

8.97**

6.90**
6.07
2.43

8.50**

Figure 2.1. Cranberry upright. Sites where eggs are found are shown: (1) inside calyx
(primary oviposition site), (2) under bracts on berry stem, (3) at berry-stem junction, (
6) on foliage.
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Figure 2.2. Experimental array. On the left, an upright from the field has been placed in
a florists' pik. A fruitworm moth is shown for scale. On the right, a berry and stem have
been attached to a wire support with a paraffin plug and placed in a pik. A fruitless
upright has been inserted alongside. Both piks are anchored in a cup of sand.
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Figure 2.3. Waxed Berry Experiment treatments. (A) All Wax. (B) Stem Wax. (C)
Calyx Wax. (D) Close up of cross section of the waxed calyx of All Wax and Calyx Wax
treatments.
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Figure 2.4. Artificial Calyx Experiment treatments. (A) Out. (B) In.
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Figure 2.5. Calyx Status Experiment results. Cumulative oviposition for each treatment
(n=14). Significantly fewer eggs were laid in the No Calyx treatment than in either the
Cut Calyx or Control treatments (X2 = 73.53, df = 2, p < 0.0005). Experiment included
29 cages containing 54 females; eggs were found in 14 cages containing 25 females (1 or
2 females per cage).

95

125

No Calyx

Cut Calyx
Treatment
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Figure 2.6. Waxed Berry Experiment results. Oviposition rates (total oviposition/total
no. berries offered) for each treatment. (A) 5-Way experiment. (B) 4-Way experiment.
For significance tests, see text. Experiment included 52 cages containing 91 females;
eggs were found in 23 cages containing 42 females on 29 occasions (1 to 3 females per
cage). Five-way design was used on 18 occasions; four-way design on 11 occasions.
Six cages were tested twice, initially using 4-way design and subsequently using 5-way
design.
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1.2
Control Present

Oviposition per Berry

A

All Wax Calyx Wax Stem Wax

No Wax

Control

Oviposition per Berry

4

All Wax

Calyx Wax

Stem Wax

Treatment

98

No Wax

Figure 2.7. Artificial Calyx Experiment results. Cumulative oviposition for each
treatment. There was no significant difference in the number of eggs laid in In and Out
treatments (X2 = 1.24) or in the proportion of eggs at each end in each treatment (X2 =
1.78). Experiment included 19 cages containing 25 females; eggs were found in 8 cages
containing 11 females (1 or 2 females per cage).
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Figure 2.8. Berry Age Experiment results. Oviposition rates (total oviposition/total no.
berries offered) for each treatment. Uprights in the Old treatment were picked prior to
berries in the New treatment by the number of days indicated on the abscissa.
Oviposition differed significantly between treatments in each pairing; significance levels
are indicated by stars. The numbers of cages involved in each comparison are shown
inside the open bars. Experiment included 57 cages containing 97 females; eggs were
found in 40 cages containing 65 females (1 to 3 females per cage).
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2
1
0
1-2
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Berry Age (Days)

10-11

13-14

Figure 2.9. Berry Orientation Experiment results. Cumulative oviposition for each
treatment. (A) 1992. (B) 1993. Significantly more eggs were laid in the Calyx Up than
in the Calyx Down treatment in each year (1992:
= 86.48, p < 0.0005; 1993:
=
23.00, p < 0.0005). In 1992, experiment included 10 cages containing 20 females; eggs
were found in 6 cages containing 11 females (1 or 2 females per cage). In 1993,
experiment included 33 cages containing 66 females; eggs were found in 23 cages
containing 46 females (1 to 3 females per cage).
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CHAPTER 3

A COMPARISON OF THE PERFORMANCE OF EXPONENTIAL AND
LOGARITHMIC REGRESSION MODELS USING CRANBERRY
FRUITWORM EGG SPATIAL DISTRIBUTION

Introduction

The criteria for choosing an appropriate regression model for the purpose of
describing functional relationships deserve more attention than they customarily receive.
While the power of computing has significantly expanded the possibilities readily
available to the experimenter, the choices presented in the literature reflect the continuing
influence of traditions and preferences established in times when options were
considerably more restricted. Historically, linear models have been preferred not only for
their intuitive appeal, but because of their computational simplicity. In the unhappy event
that patterns in data revealed evidence of nonlinearity, it has been customary to transform
the data so as to obtain a more nearly linear relationship, then to apply a linear model to
the transformed data. While transformation necessarily changed the nature of the
relationship between the variables (that is why it was carried out in the first place), its
effects on the resulting characterization of the functional relationships have rarely been
carefully examined. Can we be sure that the original relationship between the
untransformed variables is in fact faithfully modeled following transformation?
In a seminal paper exploring patterns of dispersion, Taylor (1961) analyzed the
relationship between the mean (m) and the variance (s^) of population counts in a score of
published data sets involving a wide variety of invertebrate species. He found they could
be described by the exponential equation

$2 = arrP

105

which has become known as the Taylor Power Law. He concluded that the coefficients a
and h were population characteristics and that the magnitude of the coefficient b, which he
termed the index of aggregation, was an indicator of the degree of dispersion of
individuals (b<\ indicating uniformly distributed populations, b= 1 indicating randomly
distributed populations, and b> 1 indicating contagiously distributed populations) while
the coefficient a was related to the sampling unit size.
Taylor’s Power Law has been widely used to characterize the degree of
aggregation of natural populations for the purpose of developing sampling schemes for
agricultural pests (Elliott and Kieckhefer, 1986; Ekbom, 1985; Sawyer, 1985; Taylor,
1986). This is normally done by fitting the Power Law to mean-variance data in its
logarithm-transformed form,
Ln

= Ln a + &*Ln m,

which permits use of linear regression with its attendant advantages. Embedded in this
approach is the implicit assumption that statistical procedures for fitting models to
different forms of mathematically equivalent equations will yield the same results.
However, this assumption has never been carefully examined as far as I am aware, either
in this context or in others. In light of the widespread use of transformation in regression
analysis, its consequences for curve-fitting merit careful examination. The application of
Taylor's Power Law presents an ideal opportunity to explore the ramifications of
employing the logarithmic transformation on modeling.
My primary objective was to compare the performance of a linear model applied to
logarithm-transformed mean and variance data (which I shall refer to henceforth as the log
model) with that of a nonlinear exponential model applied to the same untransformed
data. These models are mathematically, but not, as I shall demonstrate, statistically
equivalent. (I also examined the performance of a linear model in order to confirm that
resorting to a nonlinear model was justified.) I compared the parameter estimates
obtained by applying the two models from the same data, and used regression statistics
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and residual distributions to compare the closeness of their fits and their success in
meeting the assumptions of regression.
I conducted intensive sampling of the egg populations of Acrobasis vaccinii
(Pyralidae), the cranberry fruitworm, and characterized the variance to mean relationship
on each sampling occasion using the log and exponential forms of Taylor's Power Law.
Then, using a bootstrap technique, I generated 50 additional data sets apiece from three of
the original data sets and explored patterns in the performance of the models in more
detail. I found that the log and exponential models did not necessarily produce equivalent
descriptions of the relationship between the variance and the mean. When they differed,
the exponential model invariably produced closer fits that were more centrally located
with respect to the center of gravity of the data.

Methods

Cranberry fruitworm females lay their eggs singly under the sepals of developing
host fruits. Egg populations in four commercial cranberry bogs were intensively sampled
during two seasons on a total of six sampling occasions using a stratified random design.
Each commercial cranberry bog under study was divided into a number of plots of equal
area. Within each plot, two to four (depending on the sampling occasion and conditions)
quadrats were selected at random and the berries within collected. During the first
season, all the berries in a fixed area were collected, then 50 berries were selected at
random and examined for the presence of eggs. In the second season, 50 berries were
collected from within each quadrat (the size of the sampled area varying as needed to
obtain 50 berries) and all were checked for infestation.
The mean and variance of the number of eggs found per 50 berries (= per quadrat)
were calculated for each plot. Regression analysis was used to explore the relationship
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between the variance and mean for each sampling occasion.1 The regression models
employed were
exponents

E (Y+l) = a*(X+l)*

log:

E (Yt) = E fln (Y+l)) = In a + Mn (X+l)

where X = mean number of eggs/quadrat, E (Y+l) = the expected value of plot variance
in linear space and E (Yt) = E (In (Y+l)) is the expected value of Y in the transformed
space. X and Y were transposed to X+l and Y+l to eliminate 0 counts (for which the
logarithm is undefined). The transposed variables were also used in the exponential
model to make the results of the two regressions directly comparable.
In order to perform direct comparisons between corresponding log and
exponential regressions, it was necessary to compare them on the same scale. Therefore,
the log regression was recast in its exponential form so that it could be plotted on the
same axes as the exponential regression. The expected Y values in the transformed
space, E (Yt), were backtransformed using the formula E (Yb) = backtransformed E (Yt)
= (exp E (Yt)) - 1, where Yb represents the expected value in the original space. The
residuals were calculated as the difference between the E (Yb) and the original Y values,
and henceforward are referred to as backtransformed residuals, Rb> although strictly
speaking it is the E (Yt) values and not the residuals that have been backtransformed. The
explained and unexplained sums of squares (for both models) were then recalculated as
follows
SSexpl = (E (Yb) - Y)2
SSunexpl = (Y - E (Yb))2 ~ Rb^

!On one sampling occasion (Bog 3) an incomplete data set was obtained, with the result that the
number of quadrats per plot ranged from two to four. Plot variances on this occasion were weighted by
the square root of the number of quadrats before regressions were performed. However, the effect of
weighting on the results was minor.
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where Y is the (untransformed) mean of Y. The total sum of squares in the
untransformed space (for both models) was
SSt0tal = (Y-Y)2
These values were used to calculate an analog of the coefficient of determination, R2, and
the mean square error, MSE, in the original space. For the log and exponential
regressions, I calculated R2 = 1 - (SSunexplained/SS total)* called the proportion of
variance accounted for (Healy, 1984)2. This quantity is closely related to the MSE =
SSunexplained/(n-2), but has the advantage that it is scale-independent. R2 values in the
linear and transformed space can be compared, but MSE's cannot.
To compare the performance of the models, I examined the magnitudes of the
parameter estimates, R2 in the original and transformed spaces, and the summed absolute
deviations (the sum of the residual absolute values or SAD’s) and the mean square errors
(MSE's) in the original space. I focused more on b than on a because of the importance
Taylor attached to it as an indicator of the level of aggregation. Significant differences
between R2 values were identified using the z-test (Sokal and Rohlf, 1981), but I avoided
formal significance testing when exploring the patterns of the SAD's and MSE's and
considered noteworthy differences in magnitude of 15% and 20%, respectively. I also
examined several properties of the residuals, including symmetry, degree of normality,
range, and dependence on X. I was intrigued to find substantial differences in the
performance of the two models even when the curves generated were similar and the
parameter estimates were not significantly different.
An APL function (program) was developed that used a bootstrap method to
generate 50 additional data sets from the data collected on three sampling occasions

2For linear regression, the least squares fit is the one for which R2 = SSexpl/SStotal = 1(SSunexpl/SStotal) and for which the latter quantity, the proportion of variance accounted for (Healy,
1984), is maximized. For nonlinear regressions (including our log regressions when backtransformed into
linear space) these two quantities are never equal. Again, however, the latter quantity is maximized for
the least squares exponential fit, which therefore provides the a reasonable analog to R2.
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(APL.68000 for the Apple Macintosh, 1988). The stability of the trends observed in the
original data sets was assessed by examining the patterns that emerged from the simulated
data sets. Parameter estimates and regression statistics from corresponding log and
exponential regressions were compared for each of the 50 replicates. Each bootstrapped
data set (comprised of 50 replicates) was also reanalyzed as a single large composite data
set.
Finally, I wanted to determine whether the standard procedure of transposing the
data to X+l and Y+l (to eliminate 0's prior to log transformation) had any affect on
estimates of a and b, so recomputed the estimates without transposing data. Points for
which X or Y equaled 0 were necessarily omitted from the log regression analysis, and
were also omitted from the exponential analysis so as to keep them strictly comparable.

Results

Effect of Model on Parameter Estimates

Corresponding exponential and backtransformed logarithmic regressions for the six
original data sets and two composite bootstrapped data sets are shown in linear space in
Figure 4.1. The corresponding log regressions in transformed space are shown in Figure
4.2. The regressions fit to the data from Bogs 4.1 and 4.2 differed substantially from
one another, as was readily apparent to the eye (Figure 4.1A,B,G), while corresponding
regressions from the other bogs differed moderately (Figure 4.1C-F,H). The log
regressions did a relatively good job of curve fitting when X was small, but tended to
drift below the center of gravity of the points when X was large.
The parameter estimates of the log and exponential regressions differed in several
respects. For Bogs 1 to 4, the exponential regressions yielded smaller estimates of a and
larger estimates of b than those of the corresponding logarithmic regressions, reflecting
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the tendency of the exponential regression to produce more highly nonlinear models
(Table 4.1). The exponential estimates also displayed more variability; among the 6 data
sets, the log b's varied by a factor of 1.4 and all their confidence intervals overlapped,
whereas the exponential b's varied by a factor of 3.1 and their confidence intervals
exhibited considerable spread. For Bogs 1 and 2, the corresponding estimates of b
actually differed significantly from each other, exemplifying my contention that these two
approaches are not equivalent. The estimates of b obtained from Bogs 5 and 6 were not
significantly different from 1, indicating that the noisiness of these data overwhelmed any
nonlinearity.
The same patterns were evident in the bootstrapped data. The exponential
regressions usually produced smaller average estimates of a and larger average estimates
of b than the corresponding log regressions, and their averages exhibited considerably
more spread (Table 4.1). The 95% confidence intervals for a and b obtained from the
original data underestimated the variability of the bootstrapped estimates of the
exponential regressions, but overestimated that of the log estimates, which consistently
fell into relatively narrow ranges (Figures 4.3A,B, 4.4A,B).
In the bootstrapped data from Bog 1, corresponding log and exponential estimates
of b differed significantly in 23 out of 50 replicates (Figure 4.5), resulting in significantly
different conclusions about the degree of nonlinearity in the variance to mean relationship.
Only a few replicates from Bogs 3 and 5 yielded estimates of b that were significantly
different, although the means of the bootstrapped estimates from Bog 3 differed
significantly (Table 4.1). The degree of correlation between the values of b of the
exponential and log regressions was consistently low; variability in the exponential b
explained only 11 - 33% of the variability in log b among the three bootstrapped data sets
(Figure 4.5). For Bogs 3 and 5, the correlation between the exponential and log
estimates of b was actually weaker than the correlation between either and estimates of b
obtained from simple linear regressions (not shown)! This is astonishing, in view of the
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similarity in structure of the two nonlinear models, and reinforces my assertion that these
two models are not statistically equivalent

Effect of Model on Performance

Each model performed reasonably well in its own space. For each of the original
data sets, the magnitudes of the log and exponential R2 values were not significantly
different, although those of the exponential regressions tended to be slightly larger (Table
4.2). Similarly, there were no consistent differences in the magnitude of the R2 values
obtained from the bootstrapped data sets. The bootstrapped R2 values of both models
exhibited great variability and were only weakly correlated with each other (Figure 4.6).
By this index, the explanatory power of the two models was comparable.
However, most properties of the residual distributions of the log regressions were
better than those of the corresponding exponential regressions. Because they more
clearly illustrate the differences, I confine my discussion to the residuals of the
regressions on the composite bootstrapped data sets. The residuals always exhibited
increasing spread with increasing values of X, but in the transformed space the change in
spread was less pronounced (Figure 4.7A,B) and the log residuals were more nearly
normally distributed (Figure 4.8A,B). Most appealing, the residual variance in log space
was more uniform than in linear space (Figure 4.9).
Correlation coefficients and residual distributions of the log regressions in log
space assured us that those regressions did a relatively good job of meeting the
assumptions of regression—in log space. However, when the log and exponential models
were compared in the original space, a more complex picture emerged. The sum of
absolute deviations (SAD's) were usually comparable (Table 4.3), indicating that the two
models came equally close to the points on average. When they differed, the exponential
SAD was more often smaller than the corresponding log SAD (Figure 4.10A). This
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indicates that the exponential model usually tracked the data at least as well as the log
model, and sometimes considerably more closely. In contrast, the exponential MSE was
usually substantially smaller than the corresponding log MSE3 (Table 4.3; Figure 4.10B),
even when the SAD's were comparable. This reveals that the exponential regressions did
a more consistent job of tracking the data, whereas the log regressions came closer to
points with increased influence (discussed in more detail below) at the expense of points
with diminished influence, resulting in large deviations that contributed disproportionately
to the MSE.
R2 values of the log regressions in the original space were computed and were
almost always lower than those obtained in log space (Table 4.2; Figure 4.6B), indicating
that the explanatory power of the regressions in log space provided an overestimate of
their power in the original space. They were also lower than those of the corresponding
exponential regressions, often significandy so4 (Table 4.2, Figure 4.6C). MSE and R2
values often deviated considerably even when the estimates of b were not significandy
different.
The distributions of the log residuals in the original space were very different
from those in the transformed space. Comparing them with those of the exponential
regressions provides important insights into the differences in behavior of the two
models. The backtransformed log residuals exhibited more extreme changes in spread,
and were dominated by the presence of large positive residuals at large X (Figure 4.7C).
The exponential residuals exhibited more uniform spread, were more symmetrical (Figure

3Because the regression algorithms seek to minimize the unexplained SS in different spaces, the
exponential regression must have the smaller MSE in linear space, unless the log regression yields the
same model or the exponential regression converges to a local minimum that is not the true minimum.
Of interest here is that the corresponding log regressions often had considerably larger MSE’s, indicating
that they didn't come close to attaining the quality of fit characterizing the exponential regressions.
4For the same algebraic reasons that applied to the MSE, the value of the log R2 in the original space
cannot exceed that of the exponential R2. Again, what is of interest is that there were often significant
differences in the magnitudes of the R2 values.
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4.7A,C), more nearly normal (Figure 4.8A,C), and occupied narrower ranges than those
of the log residuals (Figure 4.7A,C). The exponential residuals were at most weakly
dependent on X, whereas the backtransformed residuals exhibited relatively strong first
or second order correlations (Figure 4.7A,C). Such behavior is normally interpreted as
evidence that a higher order term should have been included in the model (Draper and
Smith, 1981). Because the two models were mathematically equivalent, I interpret this
difference as indicating that transformation of the data compromised the regression's
ability to track the true variance to mean relationship as the variance increased, resulting in
progressive bias of the residuals.
When compared in their respective spaces, corresponding log and exponential
regressions exhibited similar explanatory power. The principal appeal of the log
regressions was the improvement in the properties of the residual distributions;
transformation resulted in reassuring improvements in the data structure. However,
when I considered the relative success of the two models in describing the variance to
mean relationship in the original space, the log model had important shortcomings. The
regression statistics and residual distributions confirmed the visual impression (Figure
4.1) that the exponential regressions were more centrally positioned in the data and
tracked the curvilinearity without systematic bias. The log regressions tended to produce
more conservative estimates of the degree of nonlinearity in the data, usually tracking
progressively below the corresponding exponential regressions with increasing X,
resulting in broader, more skewed residual distributions.

Effect of Transposing Data

Because it is customary to transpose data by adding one (as I did) prior to
applying the logarithmic transformation to data with 0 values, I was curious whether this
procedure affects the magnitude of the parameter estimates of the log model. Since I had
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also applied the transposition to the exponential model, I examined its effect thereon as
well, although normally there would be no reason to transpose when using this model.
Without transposing X and Y, I fitted the models
exponential:

E (Y) = aXb

log:

E (Ln Y) = Ln a + b Ln X

to the nonzero data. The estimates produced by both models were affected by
transposing in the same way, albeit not to the same degree. Transposition had a slightly
more pronounced effect on the log model's estimates than on those of the exponential
model. Regressions fit to transposed data produced lower estimates of a and higher
estimates of b than those applied to untransposed data (Table 4.4; Figures 4.3, 4.4),
thereby yielding more highly nonlinear models. Variability was generally affected in a
parallel manner, transposing the data tended to decrease the range and variance of
estimates of a, but to increase those of estimates of b (Table 4.4, Figures 4.3, 4.4).5
Graphical comparisons of regressions provided corroboration that the effect of
transposing the data was often greater on the log model than on the exponential model,
especially at large X (Figure 4.11). However, they also show that the effect of
transformation was usually far more substantial than the effect of transposition. This is
corroborated by comparison of the shapes and locations of the distributions of
bootstrapped estimates of b (Figure 4.4). Although transposing the data tended to result
in slightly inflated estimates of the degree of nonlinearity, transforming the data tended to
result in even more substantial underestimates.

5We also fitted the exponential model to the complete data sets, including points with 0 values (which
were omitted for purposes of comparison with the log regressions). Including these points resulted in
relatively minor shifts in the magnitudes of a and b, but more importantly, yielded more stable parameter
estimates. Thus the degree of uncertainty in the exponential parameter estimates we report (Table 4.4;
Figures 4.3, 4.4) is overly pessimistic.
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Causes of the Differences Between Exponential and Log Models

I have mentioned that the influence of individual points is altered by the process of
transfonnation; I will now explore how it comes about. Because transformation occurred
in both the X and Y dimensions, the influence of each point was doubly affected.
Consider the effect of the X transformation first.
The relative influence of each point on a regression is reflected by a quantity
known as leverage, which is a function of the squared deviation between its X value and
X. Transformation differentially altered the leverage of each point In the transformed
space, all X values were shifted leftward, but large X values were shifted much more
than small ones. Points with X values much less than X (small X) were shifted relatively
little by transformation, so that their relative distance from Xt (the mean of the
transformed X values) was increased, resulting in increased leverage (Figure 4.12).
Points with X values much larger than X (large X) were shifted far more, so that their
relative distance from Xt was decreased, resulting in decreased leverage. (For values of
X near X, corresponding leverage values were comparable, being slightly lower for
transformed values to the left of X and slightly higher to the right of X.) As a result of
these shifts, points with small X values exerted disproportionately high influence on
regressions in the transformed space, while points with large X values exerted
disproportionately little influence.6

6For an algebraic explanation of the effect of transformation on leverage, consider the equation for
leverage
__
__
hi = 1/n + (Xi-X)2/I(Xi-X)2.
When the data were transformed, all deviations were compressed. But because each deviation was divided
by the sum of all deviations, deviations of transformed data were divided by a smaller sum. For small X,
transformation resulted in a relatively small change in the magnitude of the X values. The effect of the
smaller sum in the divisor dominated and the leverage of transformed points was larger (denominator
effect). For large X, transformation resulted in a relatively large change in the magnitude of X and the
leverage of transformed points was smaller (numerator effect). Near X, numerator effects predominated
because Xt (the mean of the transformed X values) was slightly less than the transformed value of X.
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An analogous process occurred in the Y dimension. Transformation caused all Y
values to be shifted downward, but large Y values were shifted much more than small
ones. As a result, deviations when Y was large were disproportionately compressed and
therefore exerted relatively little influence on regressions in the transformed space (Figure
4.13). Moreover, the change in magnitude of positive deviations was greater than that of
identical negative deviations (Figure 4.13). As a result, when a regression centrally
located among points in log space was backtransformed into linear space, it was further
on average from points having positive deviations than from those having negative
deviations. This in turn caused the backtransformed residual distributions to be positively
skewed and correlated with the mean.
Thus the double logarithmic transformation affected the relative influence of each
point in two independent but complementaiy ways. Transformation reduced the influence
of points having large X or Y values while increasing the relative influence of points with
small values. The differences in the regression coefficients generated by the log and
exponential models resulted from this effective reweighting of points by transformation.
Because X and Y were positively correlated, points tended to segregate into those whose
contribution was doubly discounted and those whose contribution was doubly amplified
by transformation. Moreover, the points whose influence was doubly discounted fell in
the region exhibiting the greatest variability, which explains why the range of log
estimates of b was much more restricted than that of the exponential estimates. The larger
magnitude of most exponential estimates of b indicates that points in this region were
important contributors to the nonlinearity of the exponential models.

Discussion

How does one go about identifying the most appropriate model for describing
empirical relationships in data? This process involves several steps, although typically
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they are not all explicitly acknowledged. Ideally, it proceeds from an examination of the
original (untransformed) data to application and evaluation of possible models. The
process hinges on selection and interpretation of appropriate diagnostics. I will elaborate
first on my reasons for choosing the diagnostics I used.
I selected a variety of diagnostics that are commonly included in or easily derived
from computer regression statistical packages: the squared correlation coefficient (R2),
summed absolute deviations (SAD), mean square error (MSE), and the spread and
distribution of residuals. They provided different kinds of information, and together
painted a multifaceted picture of the relative goodness of fit obtained by the different
models employed. I did not use p-values in part because all regressions were highly
significant. Moreover, in contrast to the other statistics, the accuracy of p-values depends
on the degree of concordance with the assumptions that the residuals are independent,
homoscedastic, and normally distributed. The statistics I examined do not depend on any
distributional assumptions.
A number of reservations regarding the use of R2 have been voiced, so that it
must be interpreted cautiously, and, as I have done, in concert with other means of
evaluation. Its magnitude is affected by the number of points (Draper, 1984) and
parameters (Healy, 1984) in the model, but I have compared only regressions involving
equal numbers of each. Ratkowsky (1990) cautioned that R2 genuinely represents the
proportion of variance explained only for linear models with constant terms, while its
application to nonlinear models is problematic. When evaluating nonlinear models, he
stressed the importance of having multiple data sets and recommended examining the
variance and distribution of the residuals, all of which I have done. Moreover, the
methods used to calculate R2 of the log and exponential regressions in the original space
were identical, ensuring that they could be meaningfully compared with each other.
Notwithstanding its shortcomings, the patterns that emerged from analysis of R2 values
were consistent with those obtained from other analyses.
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The sum of the absolute deviations (SAD) represents the cumulative distance of all
points from the regression, while the more widely used MSE estimates the residual
variance, or the variance of those distances. The former allows one to determine the
average closeness of the fitted curve to the data, while the latter allows one to assess the
consistency of that fit. On several occasions there was a large discrepancy between the
MSE's of corresponding regressions even though their SAD's were comparable. This
happened because the log model more closely fit points having small X/Y values at the
expense of points with large values as a result of the different weighting of points in the
transformed space.
The most important assumptions underlying least squares regression are that the
residuals are normally distributed, are independent of X and Y, and have uniform
variance. If these assumptions are not met, significance levels are called into doubt, but
more importantly, the accuracy of the parameter estimates may be compromised
(Ratkowsky, 1990). Therefore, examination of the residual distributions constituted an
essential component of the assessment of the relative strengths of different models.
Although the log residual distributions in log space admirably met the assumptions, I felt
their distribution in the original space was more important, simply because that is where
the data were originally collected and ultimately where they should be interpreted and
understood. In the original space, the exponential residual distributions came closer to
meeting the assumptions of regression.
In the absence of science supporting a particular model, models need to be
selected and tested as consciously and thoughtfully as diagnostics. It is important to
remember that our understanding will depend profoundly on the model(s) the investigator
chooses to entertain. Therefore, the wise investigator will always begin by graphing the
original (untransformed) data and seeing what the data themselves suggest, so as to be led
by the data, rather than the other way around. Even then, it is a good idea to examine
more than one model, especially as modem computing capability makes it quick and easy
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to do. My analysis shows further that different forms of what is technically the same
model also merit separate examination, as their results may differ, leading the investigator
to different conclusions.
Taylor (1961) examined a wide variety of published data sets and found that
mean-variance data were often nearly linear in log space. This led him to conclude that
variance is an exponential function of the mean. I felt it was worthwhile to present such
data in linear space, for two reasons. First, I wanted to be sure that I was justified in
resorting to a nonlinear model, and indeed, this was usually, but not necessarily, the
case.7 Second, I wanted to examine the consequences of applying the log transformation
explicitly. I found that transformation affected the magnitude and variability of the
parameter estimates, often resulting in lower estimates of the degree of nonlinearity in the
variance to mean relationship.8 Moreover, the backtransformed residuals were
asymmetrical, indicating that the backtransformed regressions were not centered with
respect to the data, and dependent on the mean, indicating a progressive bias in the
locations of the curves. In addition, the residual mean square values demonstrated that
the models fitted in transformed space often failed to approximate the best possible
exponential least squares fits. Although the desirable characteristics of the log
regressions in log space give us high confidence in those regressions in the space in
which they were fit, by themselves they could not ensure that the backtransformed
regressions necessarily approximated the best descriptions of the data in the original
space. This principle was most clearly illustrated in Figure 4.13, which shows that a
model fit in log space and then backtransformed may deviate grossly from the fit obtained

7In most cases, we found that the nonlinear models produced estimates of b that differed significantly
from one, indicating that a nonlinear model was more appropriate. However, when the exponent b did not
differ significantly from one, regression statistics and residual distributions indicated that the linear model
performed as well as the exponential model and better than the log model.
8In the context of Taylor’s (1961) analysis, use of the log model resulted in underestimates of the
degree of aggregation of populations.
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in the original space. An investigator who feels that data are best described by an
exponential model but who is inclined to use the log transformation should perform a
visual assessment of both fits in the original space. If they differ, the eye is an essential
tool for ascertaining the factors responsible for the lack of congruence and for choosing
between them.
In deciding between differing models, the investigator should consider the
properties of the data and the objectives of the inquiry. Because it downweights points
having large X and Y values, the log regression tends to produce more conservative
(more nearly linear) models that are more centrally located when X is small, but that track
below the center of gravity of the data when X is large. If the investigator is most
interested in modeling the region where X and Y are small to moderate or if confidence in
the data is correlated with the magnitude of X or Y, fitting a regression to transformed
data may be desirable. However, it would be preferable to weight the data explicitly and
perform regression in the original space. That way, the magnitude of the reweighting for
each point can be controlled and known and the analyst can be confident that the model
obtained describes the relationships in the original data, and that the assumptions of
regression are met as well as possible. On the other hand, if the investigator has equal
confidence in all the data, the exponential model will provide a more uniform weighting
of the data, while transformation may not provide any real advantages. In my case, for
example, I am interested in developing a decision rule in which the sampling intensity is
based on the variance to mean relationship. The model that tracks higher will result in
more intensive sampling. Thus, a decision rule based on the log model is likely to result
in more intensive sampling in the region where X is small, but the exponential model is
likely to result in a more conservative decision model where X is large. Simulations
demonstrated that the exponential model provided a more useful description of the
variance to mean relationship for threshold infestations (Chapter 4).
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Another facet of the performance of log model that is usually touted in its favor is
the stability of its estimates. Can we infer from its greater stability that the log model is
more reliable? The exponential estimates not only exhibited greater variability but
converged on different average values than the log estimates. Thus, although each
estimate of b obtained from a log regression was likely to be closer to the mean of log
estimates obtained by repeated sampling, it was more likely to underestimate the true
value of b. I submit that the variability of the exponential model reflects greater
faithfulness to the data and reveals the apparent stability of the log model as an artifact of
its arbitrary compression of real variability in the data. The log model achieves its
stability by downweighting the influence of an important segment of the data that
contributes disproportionately to both noise and nonlinearity; however, it is evident that
we cannot reduce the former without risking consequences to the latter. On the other
hand, even the stability of exponential estimates increased with sample size (although the
stability of corresponding log estimates was always greater). Future work might
profitably be directed at determining the sample size necessary to ensure a satisfactory
degree of stability of estimates from the exponential model.
Finally, I would like to encourage a broader consideration of data transformation.
This technique is widely applied in science and is assumed to be benign, but there is little
apart from tradition to legitimize it. To model curvilinear data or to minimize the effects
of heteroscedasticity, authorities customarily recommend either the use of a nonlinear
model or transformation of the data followed by application of a linear model (Draper and
Smith, 1981). Practitioners have preferred to transform data because of the
computational and intuitive advantages associated with the linear model. A long tradition
of subjecting nonlinear data to any of various transformations has been based on the
implicit assumption that these two approaches were functionally equivalent. I felt it was
important to make this assumption explicit, and to test it empirically. The most significant
result to emerge from my analyses is that one cannot in fact be assured that these
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approaches will yield equivalent outcomes. Moreover, it is clear that goodness if fit
should always be evaluated in linear space, irrespective of the space in which the model
was applied.
When regression analysis had to be performed manually, and linear regressions
were therefore really the only option, transformation of the data to permit the use of linear
models may have been desirable, even at some cost to accuracy. However, fitting a
model to transformed data is inevitably unsatisfactory because the effects of
transformation cannot be isolated and identified. Apparent improvements in performance
are simply artifacts of the fact that a different relationship is being modeled. But now that
standard computer statistics packages can perform nonlinear regressions, the primary
impetus for transformation has been removed, and the lost accuracy can no longer be
justified. A nonlinear model generated from untransformed data will describe the
relationship in question more honestly and with less bias, and be characterized by a more
desirable residual distribution than the backtransformed residuals of a regression
performed in transformed space. Further, it is not necessary to choose between omitting
and transposing untransformable data points, both of which affect the magnitude and
uncertainty of the parameter estimates. In fitting a model to untransformed data, the
experimenter can be confident that the original relationship under investigation is being
modeled, that the assumptions of regression are met as well as possible, and that the
diagnostics provide a meaningful assessment of the performance of the regression.
That said, it must be acknowledged that, even in the computer age, linear models
have properties that make them attractive, while nonlinear models may be more or less
problematic. Apart from their computational appeal, linear least squares models produce
parameter estimates that are unbiased, normally distributed, and have minimal possible
variance (Ratkowsky, 1990). In contrast, nonlinear parameter estimates deviate to a
greater or lesser extent from these properties, depending on the model and sample size
(Draper and Smith, 1981; Ratkowsky, 1990). (The exponential model, however,
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exhibits close-to-linear behavior [Ratkowsky, 1990)], meaning that the behavior of its
parameter estimates resembles that of linear models.) As a result, the F-statistic need not
follow an F-distribution and certain statistics such as p-values and R^ may be
meaningless or difficult or impossible to calculate or to compare directly with statistics
from linear regressions. (On the other hand, interpretation of statistics obtained from
regressions in transformed space is not straightforward either.) Another drawback of
nonlinear models is that often there is no way to deal with functional relationships in
which there is uncertainty in X; such uncertainty can lead to gross errors in estimation of
parameters (Ratkowsky, 1990).
Another serious weakness of nonlinear modeling algorithms is that the iterative
procedure used to generate parameter estimates for nonlinear models may fail to
converge, or converge to wildly improbable values, particularly if there is high variability
in Y. Under these circumstances, it is necessary to perform post hoc manipulations of the
tolerance (the required closeness of parameter estimates generated by successive
iterations) in order to obtain a reasonable regression equation, or to experiment with
different models. Both of these procedures are more complicated and less formulaic than
application of a simple linear model, and entail more thorough understanding of
regression.
Data transformation has a long and venerable history, and has certainly been
performed with great success. Often, transformation produces equivalent results to
nonlinear modeling. In other cases, even if the regression based on transformed data is
not optimal, it is sufficiently accurate to provide a satisfactory solution to the question of
interest. I do contend, however, that a model applied to untransformed data is likely to
produce more reliable parameter estimates because it is likely to obtain a closer fit to the
data and a better residual distribution in the original space. Some would argue that a
linear model in Uansformed space is more readily comprehensible than a nonlinear model
in linear space. I counter that just the reverse is true; nonlinear scales are far less intuitive
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than nonlinear curves, because scales are more fundamental than models. Modeling in
linear space does better service to our data while making better use of our natural
predispositions.

125

Table 3.1. Estimates of regression coefficients on transposed data. Estimates of a and b
from corresponding log and exponential regressions for the 6 original data sets, means of
estimates for the 3 bootstrapped data sets, and estimates for each bootstrapped data set
analyzed as a single composite data set. Error terms indicate the width of the 95%
confidence intervals for a and b (not a and b). Error terms for log a and all bootstrapped
estimates are equal to half the overall width, although the actual Cl’s are asymmetrical.
The column headed n shows the number of plots in the original data sets, the number of
replicates in the bootstrapped data sets, and their products when the bootstrapped data
were analyzed as a composite. Corresponding log and exponential estimates or means
followed by the same letter are not significandy different at p = 0.05 by a separate t-test.
Crosses show log and exponential estimates of b that are significantly different from unity
at p = 0.05.

n
Bog
Original data
1
15
34
2
3
19
4
15
5
16
6
9
Range

Estimate of a
Log
Exponential
0.79
0.93
0.88
0.83
0.59
0.65
0.59

± 0.42a
± 0.11a
± 0.23a
± 0.34a
± 1.61a
± 1.12a
- 0.93

0.21
0.41
0.66
0.40
1.60
2.48
0.21

± 0.26b
± 0.20b
± 0.39a
± 0.64a
± 3.78a
± 3.14a
-2.48

Estimate of b
Log
Exponential
1.93
2.04
1.82
1.75
1.48
1.75
1.48

± 0.40a*
± 0.29a$
± 0.42a$
± 0.33a$
± 1.16a
± 0.92a
- 2.04

2.69
3.31
2.27
2.08
1.19
1.08
1.08

± 0.5014
± 0.47b$
± 0.65a$
± 0.68a$
± 1.23a
± 0.62a
- 3.31

Bootstrapped data, mean of 50 replicates
1
50
0.87 ± 0.11a
0.44 ± 0.46a
0.76
± 0.53a
0.90
±
0.11a
3
50
2.06 ± 2.06a
0.98 ± 0.55a
50
5

1.93 ± 0.13a$
1.94 ± 0.26a$
1.36 ± 0.52a$

2.57 ± 0.75b$
2.38 ± 1.16a*
1.36 ± 1.17a*

Bootstrapped data, composite
1
750
0.87 ± 0.05a
0.90 ± 0.03a
950
3
0.94 ± 0.55a
800
5

1.93 ± 0.05a$
1.94 ± 0.05a$
1.36 ± 0.1 la$

2.29 ± 0.07b*
2.41 ± 0.06b*
1.43 ± 0.17a*

0.55 ± 0.09b
0.65 ± 0.05b
1.34 ± 0.47a
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Table 3.2.
values. Squared correlation coefficients of corresponding exponential
log, and backtransformed log regressions for the 6 original data sets, mean values for’the
3 bootstrapped data sets, and values for each bootstrapped data set analyzed as a single
data set. The log column gives R2 values in log-transformed space, while the backtr
column gives values for backtransformed regressions in the original space. Values
followed by the same letter are not significantly different at the 5% level using a z-test
(Sokal and Rohlf, 1981); mean values for the bootstrapped data followed by the same
letter are not significantly different by a separate t-test.

b°BI

Original data
1
2
3
4
5
6

n

Exp

15
34
19
15
16
9

0.97a
0.92a
0.87a
0.97a
0.29a
0.75a

Value
Log

Backtr

0.89ab
0.86a
0.83a
0.91a
0.35a
0.74a

0.76b
0.69b
0.78a
0.96a
0.15a
0.57a

Bootstrapped data: replicate means
1
50
0.94a
3
50
0.86b
5
50
0.38a,b

0.89b
0.88b
0.43a

0.78c
0.78a
0.22c

Bootstrapped data: composite
1
750
0.91a
3
950
0.85b
5
800
0.33b

0.88b
0.88a
0.42a

0.77c
0.77c
0.20c
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Table 3.3. SAD and MSE values. Sums of absolute deviations and mean square errors
of corresponding log and exponential regressions for the 6 original data sets, average
values for the 3 bootstrapped data sets, and values for each bootstrapped data set analyzed
as a single data set. All values were computed in linear space.

SAD
Exp
Bog
Original data
1
68.9
2
25.6
3
10.9
4
37.3
5
120
42.1
6

MSE
Log

Exp

Log

138
24.3
12.8
35.8
117
47.1

61.5
1.12
0.87
14.3
100
37.9

521
4.39
1.11
17.4
120
65.1

Bootstrapped data: replicate means
1
74.8
128
91.5
15.2
3
16.7
1.85
132
174
5
129

484
4.01
248

Bootstrapped data: composite
1
5000
6500
857
890
3
6940
7070
5

424
3.68
254

128

164
2.42
212

Table 3.4. Estimates of regression coefficients on untransposed data. Estimates of a and
b from corresponding log and exponential regressions for the 6 original data sets and
estimates for each bootstrapped data set analyzed as a single composite data set. Error
terms as in Table 3.1. The column headed n shows the number of plots for which neither
X nor Y was 0. Corresponding log and exponential estimates or means of b followed by
the same letter are not significantly different at p = 0.05 by a separate t-test. Crosses
show log and exponential estimates of b that are significantly different from unity at p =
0«05 *

Bog

Estimate of a
Exponential

n

Original data
1
14
2
14
3
15
4
15
5
12
6
9
Range

1.87
2.47
1.90
1.58
1.56
1.09
1.09

Estimate of b
Log
Exponential

± 0.84a
± 1.25a
± 0.64a
± 2.59a
± 3.79a
± 1.71a
- 2.47

0.51 ± 0.61b
2.37 ± 1.24a
2.06 ± 0.79a
0.40 ± 0.95b
4.42 ± 9.12a
3.87 ± 4.00a
0.40 - 4.42

1.59 ± 0.36a
1.90 ± 0.67a
1.77 ± 0.61a
1.54 ± 0.35a
1.07 ± 1.16a
1.47 ± 0.95a
1.07 - 1.90

2.42 +0.51b
2.62 ± 0.71b
1.81 ± 0.75a
2.20 + 1.13a
0.73 ± 1.19a
0.91 ± 0.53a
0.73 - 2.62

Bootstrapped data, composite
1
674
2.19 ± 0.06a
3
687
2.26 ± 0.04a
5
718
1.33 ± 0.15a

1.19 ± 0.19b
2.22 ± 0.14a
2.56 ± 0.81b

1.54 ± 0.05a
1.65 ± 0.05a
1.23 ± 0.11a

2.05 ± 0.07b
1.89 ± 0.06b
1.20 ± 0.16a

Figure 3.1. Regressions in linear space. Exponential and backtransformed log
regressions for Bogs 1 to 6 (A-F) and for the bootstrapped data from Bogs 1, 3 and 5 (GI), in which the 50 replicates were combined and treated as a single large data set.
Coefficients of regressions appear in Table 3.1.
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Figure 3.1. Continued
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FigureS.l. Continued
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Figure 3.1. Continued
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Figure 3.2. Regressions in log space. Log regressions in log space corresponding to the
backtransformed log regressions in Figure 3.1.
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Figure 3.2. Continued

Ln (Mean+1)

141

Figure 3.3. Bootstrapped estimates of a. (A) Frequency distribution of 50 bootstrapped
log estimates of a for Bog 1. (B) Frequency distribution of exponential estimates. (C)
Frequency distribution of log estimates from untransposed data. (D) Frequency
distribution of exponential estimates from untransposed data. Filled circle corresponds to
mean estimate of a obtained from the frequency distribution; intersecting horizontal bar
shows bootstrapped 95% confidence interval. Open circle and horizontal bar above
correspond to estimate of a obtained from regression on the original data and associated
95% confidence interval. Data from Bog 1 was used to illustrate results of comparisons
of log and exponential models in this and subsequent figures.

142

Frequency

Exponential Estimate of a

60
B

i-1-1-1-1-1-1-1-1-r
Transposed Data

50

Fre(luency

40

30

20
10
J_t

0
0

0.5

J-1_l_>

1

1.5

2

i

2.5

i

3

Log Estimate of a

Continued on next page

143

Frequency

Figure 3.3. Continued

Frequency

Exponential Estimate of a

Log Estimate of a

144

Figure 3.4. Bootstrapped estimates of b. (A) Frequency distribution of 50 bootstrapped
log estimates of b for Bog 1. (B) Frequency distribution of exponential estimates. (C)
Frequency distribution of log estimates from untransposed data. (D) Frequency
distribution of exponential estimates from untransposed data. Filled circle corresponds to
mean estimate of b obtained from the frequency distribution; intersecting horizontal bar
shows bootstrapped 95% confidence interval. Open circle and horizontal bar above
correspond to estimate of b obtained from regression on the original data and associated
95% confidence interval.
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Figure 3.5. Correlation between estimates of b. Exponential vs. log estimates of b from
corresponding regressions on the bootstrapped data from Bog 1. Open circles indicate
replicates for which the estimates were significantly different at p=0.05 by a separate ttest; filled circles indicate replicates for which estimates were not significantly different
Diagonal line represents Y=X, on which points would lie if both models yielded the same
estimates of b.
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4

4.5

Figure 3.6. Correlations between
values. (A) Exponential vs. log
values from
corresponding regressions on the bootstrapped data from Bog 1. (B) Backtransformed
vs. log R^ values, showing that R^ in log space tends to overestimate backtransformed
R^. (C) Exponential vs. backtransformed R^ values. Diagonal lines represent Y-X, as
in Figure 3.5.
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LogR2

151

Figure 3.7. Residual distributions. (A) Residuals of the log regression in log space vs.
X, the mean, of the composite bootstrapped data from Bog 1, which exhibited a weak but
significant correlation with X. (B) Residuals of the exponential regression in linear
space, which did not exhibit a significant correlation with X. (C) Backtransformed log
residuals in linear space, which exhibited a relatively strong correlation with X. The
same scale was used on the X axis to facilitate comparison of the two graphs. Note
vertical scales are not the same.
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Figure 3.8. Normal probability plots. (A) Expected standardized residual values vs.
residuals of the log regression in log space for the composite bootstrapped data from Bog
1. (B) Residuals of the corresponding exponential regression in linear space. (C)
Backtransformed log residuals in linear space. Expected residual values are based on the
standardized normal distribution; residuals with a perfectly normal distribution would lie
along the line Y=X.
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Figure 3.9. Residual variance. (A) Variance of residuals of regressions in linear space
vs. X for the bootstrapped data from Bog 1. Variance is calculated from all residuals at
each value of X (as shown in Figure 3.7). (B) Variance of the residuals of the
corresponding regression in log space. The same scale was used on the X axis to
facilitate comparison of the two graphs. Size of circles reflects the number of points
contributing to the variance estimate at each value of X (from 2 to 38). Although both
plots show strong correlations with X, the variance in the log space exhibits a more
uniform bandwidth.
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Figure 3.10. SAD and MSE of corresponding regressions. (A) Exponential vs. log
summed absolute deviations (SAD's) from corresponding exponential and log
regressions on the bootstrapped data from Bog 1. (B) Exponential vs. log mean squared
errors (MSE's). Diagonal lines represent Y=X, as in Figure 3.5.
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Figure 3.11. Effect of transposing data. Exponential and backtransformed log
regressions on the transposed and untransposed original data from Bog 1. The two
exponential regressions are essentially coincident.
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Figure 3.12. Leverage. Leverage of each point of regressions in linear (filled circles)
and log (open circles) space of the original data from Bog 1.
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Figure 3 13 Generalized effect of transformation. Illustrationofasynmietricaieffect of
Station on location of recession and magnitude o res.duals usmg an arttfM
data set constructed from points lying along the lines Y-1.5X and Y-2.5A. (A; fitting
Unear model to the data yields Y=2X, which bisects the
‘
and ii are of similar magnitude, and residuals 11 and in are identical. (B) Following
transformation (using same procedure as was used to backtransform log regressions into
linear space), the location of the backtransformed regression, Y=X^ is markedly below
the center of gravity of the data. Residual ii is much larger than residuals tor in An
exponential model fit directly to the points in this space yields Y=0.56X • , which
bisects the points.
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CHAPTER 4

TAYLOR'S POWER LAW REVISITED

Introduction

In his landmark paper on animal dispersion, Taylor (1961) concluded that the
association between the mean, m, and the variance, s^, evident in numerous published
studies of population spatial distributions could be described by an exponential function
of the form
= ant*.
This conclusion was based on his observation that there was a linear relationship between
the variance and the mean when the data
were plotted on a log-log scale. In Chapter 3,1 compared the consequences of fitting a
linear model in log space with those of fitting an exponential model directly in linear
space, using original data describing cranberry fruitworm egg spatial distribution. I
found that the two models could behave in substantially different ways, and did not
necessarily produce the same description of the relationship. Conclusions regarding the
nature of the variance to mean relationship could be substantially affected by the approach
selected.
I was curious as to whether the differences in the performance of the two models
that were apparent in my relatively small data sets were representative of what could be
expected with other and larger data sets. Therefore, I performed the same analysis on the
published data sets used by Taylor (1961). In addition, Taylor stated that the coefficient a
depended on the size of the sampling unit, whereas b was a true population statistic, and a
measure of the level of dispersion of the population. However, because he calculated
only one set of parameter estimates for each population, his analyses could not
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substantiate these conclusions. I wanted to see what light further analysis of some of the
data he used would shed on these conclusions. •
In setting out, however, I discovered numerous occasions on which Taylor had
inappropriately used published data sets. These problems were never with the original
studies from which the data were obtained, but rather with the form or ways in which
Taylor made use of them. Therefore, my inquiry was broadened somewhat to
incorporate a careful pursuit of the steps in Taylor’s analysis. Of the 24 data sets Taylor
(1961) used, four were unpublished, while the analyses of another 11 were problematic
in some way. Of the nine remaining, three consisted of 6 or fewer points, leaving only
six reasonably large data sets that were appropriately analyzed. Thus, to my considerable
surprise, the number of studies on which Taylor's important contribution convincingly
rests is not 24, but rather only six.
I begin by highlighting important flaws in Taylor’s analysis, then proceed to
discuss the results of applying the analysis that I previously applied to my own data to
several of the data sets he employed. I found consistent parallels in the behavior of
Taylor s data and mine. Compared to the exponential regressions; the log regressions
tended to underestimate the degree of nonlinearity of the variance to mean relationship.
When they were converted to exponential form and plotted with the corresponding
exponential regressions, the log regressions tended to track below the exponential
regressions and the center of gravity of the data. Finally, by performing a more detailed
analysis of data in two of the studies Taylor cited, I showed that coefficients a and b were
both affected by sample size.

Methods

Taylor (1961) compiled his results in a large table that, for each study or species,
recorded the sampling method, range of means, range of variances, N (presumably
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intended to be the number of points in the regression), Taylor’s estimates of a and b, and
the reference. From each published study, I identified the particular data Taylor used by
the ranges of means and variances given. In two cases out of 201 was unable to identify
the data Taylor had employed by this method. Several errors in the table, particularly in
the magnitude of N, were also identified. I examined each data set in order to determine
whether it was appropriate for the analysis Taylor had performed. Five of the larger data
sets appear in modified form in Bliss and Owen (1958), and it is clear than Taylor used
these instead of the original data.
Once the data sets that Taylor had used had been identified, I submitted the
suitable larger ones to the same analysis I performed in Chapter 3. In addition to
analyzing the six data sets consisting of 10 or more points that Taylor used appropriately,
I explored two more that were appropriate in the form in which they were originally
published (as distinct from the form in which Taylor used them). Two models, one log
and one exponential, were fitted to each data set. The models employed were
exponential:

E (Y) = aXP

log:

E(Yt) = E(ln Y)=lna + MnX

where X was the mean, E (Y) was the expected value of the variance in the original space
and E (Yt) = E (In Y) was the expected value in log space. To facilitate direct
comparisons between the two models, the log model was expressed in exponential form
(backtransformed) and both were plotted on the same scale. The expected Y values in the
transformed space, E (Yt), were backtransformed using the formula E (Yb) =
backtransformed E (Y^) = exp E (Yj), where E (Yb) represents the expected value in the
original space. The residuals were calculated as the difference between the E (Yb) and the
original Y values, and henceforward are referred to as backtransformed residuals, Rb,
although strictly speaking it is the E (Yt) values and not the residuals that have been
backtransformed. The explained and unexplained sums of squares were then recalculated
as follows
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SSexpI = (E (Yb) - Y)2
SSunexpl = (Y - E (Yb))2 = Rb2

where Y is the (untransformed) mean of Y. The total sum of squares was
SStotal = (Y - Y)2

the same as for the exponential regressions. These values were used to calculate an
analog to the coefficient of determination, R2 = 1 - (SSunexplained/SStotal)* called the
proportion of variance accounted for (Healy, 1984)1 and the MSE = SSUnexplained/(n2). These quantities are closely related, but R2 has the advantage that it is scaleindependent R2 values in the linear and transformed space can be compared, but MSE's
cannot
To compare the performance of the two models on each data set, I examined the
magnitudes of the parameter estimates, R2 in the original and transformed spaces, and the
summed absolute deviations (the sum of the residual absolute values or SAD's) and the
mean square errors (MSE's) in the original space. My parameter analyses focused
primarily on b because of the importance Taylor attached to it as an indicator of the level
of aggregation. Significant differences between R2 values were identified using the z-test
(Sokal and Rohlf, 1981), but I avoided formal significance testing when exploring the
patterns of the SAD's and MSE's and considered noteworthy differences in magnitude of
15% and 20%, respectively. I also examined several properties of the residuals,
including symmetry, degree of normality, range, and dependence on X, the mean. As
with my own data (Chapter 3), the performance of corresponding regressions invariably
differed substantially by one or more of these criteria even when the curves generated
were similar and the parameter estimates were not significantly different

^or linear regression, the least squares fit is the one for which R2 = SSexpl/SStotal = 1(SSunexpl/SStotal) and for which the latter quantity, the proportion of variance accounted for (Healy,
1984), is maximized. For nonlinear regressions (including our log regressions when backtransformed into
linear space) these two quantities are never equal, but the latter quantity is similarly maximized for the
least squares exponential fit, which therefore provides the most plausible analog to R2.

Results

Analysis of Taylor's Data

Table 4.1 lists the studies cited by Taylor and reproduces much of the information
in Taylor’s Table 1, incorporating a number of corrections printed in bold. It also
includes a column identifying problematic analyses. Apart from inconsistencies and
errors in transcription noted in the table, four kinds of flaws were identified in Taylor's
procedures. First, although Taylor claimed that he was trying to characterize the natural
distributions of wild populations, he used data in which the distribution of individuals
was not related to their biology. In cases 12 and 13, Taylor analyzed data on the
distribution of plankton samples on microscope slides (Littleford et al., 1940). The
mechanics of the analysis are correct, but these studies certainly have no bearing on the
normal distribution of plankton in the water column. Other cases (10: Beall, 1942; 18:
Bartlett, 1936; 20: Daum and Dewey, 1960), included data from pesticide trials, where
again one would expect the pesticide application to outweigh natural factors in
determining population distributions.
Second, Taylor included means and variances derived from different sampling
procedures in the same analysis. In case 1 (Holme, 1950), Taylor fitted a regression to
five points describing the distribution of Tellina clams in sand. One was calculated from
seven independent 0.25

samples, another from 36 adjacent 2 in^ samples; I was

unable to identify the other three. In case 10, Taylor combined counts of Colorado potato
beetles (CPB) per 2 feet of row in a large untreated potato field (Beall, 1939) with plot
counts from a pesticide study (Beall, 1942). In several cases (11: Fleming and Baker,
1936; 14: Milne, 1943; 15: Nielson, 1954; 16: Meyers and Patch, 1937), he
incorporated means calculated from very different numbers of samples. Although he
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stated that the magnitude of a was dependent on the size of the sample unit, Taylor was
not careful to hold that size constant.
Third, two of Taylor's analyses were compromised by pseudoreplica-tion. In
case 10, his analysis incorporated three different combinations of Beall's (1939) counts
of CPB per 2 feet of row from a field divided into 16 blocks: 16 means and variances
calculated by Bliss and Owen (1958) from selected data within each block, as well as
means and variances calculated from the same data by Milne (1959) for quarter fields (4
blocks) and for the entire field. (Unrelated counts from pesticide trials were also
included, as described above). Similarly, in case 11, Taylor took data from a study of the
distribution of third instar Japanese beetle larvae in soil. The purpose of the original
study was to determine the effect of size of sampling units on relative standard error, to
this end, Fleming and Baker (1936) counted the number of beetle larvae in 2500 1square-foot blocks in each of four 50 x 50 foot plots2. They then combined adjacent
blocks in nine different ways to form units comprised of 1,2,4, 9, 50, or 100 blocks.
(Units comprised of 4 and 9 blocks were constructed in more than one configuration.)
The average count and its relative standard error were then determined for each plot and
unit, resulting in 36 means and associated estimates of variability. Taylor proceeded to fit
a regression to all 36 points. (The correct way to use the data for his purposes would
have been to use one datum from each of the four plots and to fit a separate regression for
each of the 9 unit types.) Thus, Taylor included points that reused the same data to obtain
a larger number of points for regression, but in consequence the points were not
independent of each other. In so doing, he necessarily combined points having unequal
sampling units, further compromising the regressions as described above.
Finally, in five cases Taylor used data sets which had been consolidated by the
original or subsequent authors in ways that radically reduced the natural noise in the
variance to mean relationship, resulting in deceptively tidy associations. In some cases
2I preserve the terminology used by the original authors, who defined plots, blocks and units.
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(4,5: Yates and Finney, 1942; 16: Meyers and Patch, 1937) the original authors
consolidated their data; in others cases (9: Kleczkowski, 1949; 18: Bartlett, 1936)
Taylor utilized data adapted by Bliss and Owen (1958). In cases 9,16 and 18, the data
were organized into frequency classes by mean, and the average variance computed for
each class. The method by which the data were consolidated in cases 4 and 5 was not
explained (Yates and Finney, 1942). Consolidation dramatically improved the degree of
correlation between the mean and the variance in both linear and log space, as can be seen
by comparison of the original and consolidated counts of tobacco necrosis virus lesions
(Figure 4.1; Kleczkowski, 1949). Similarly, the level of correlation evident in cases 4,
5,9 and 16 in Taylor's Figure 1 is noticeably greater than that in most of the other cases
illustrated.

Comparison of Exponential and Log Models

I proceeded to perform regression analysis on the best data sets: six cases as used
by Taylor having 10 or more points (cases 2, 6, 8, 14, 17 and 21), and two other sets in
their published form (cases 9 and 10). In case 9,1 analyzed the average means and
variances of virus lesions on half leaves used by Taylor (from Bliss and Owen, 1958) as
well as the original counts (Kleczkowski, 1949). In case 10,1 analyzed the means and
variances of counts of CPB on potato plants calculated by Bliss and Owen (1958) from
the data in Beall (1939)3, to which Taylor referred in his Table 1. (However, the ranges
of the means and variances given by Taylor do not correspond to those in Bliss and
Owen, so it is unclear whether he in fact used their configuration of the data.) I excluded
the five means and variances calculated by Milne (1959) from the same data and the
pesticide trials in Beall (1942) that Taylor included in his analysis. In case 21,1 analyzed

3Bliss and Owen (1958) explain the procedure they used to calculate means and variances, which does
not use all the published data.
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data from haddock trawls preserving three discrepancies so as to be able to compare my
results with those of Taylor, and also analyzed the original data. Two of the
discrepancies appeared in Bliss and Owen's (1958) synopsis; the third is evidently a
copying error of Taylor's.
Taylor’s models were backtransformed and plotted along with the corresponding
exponential and backtransformed log regressions in Figures 4.1 and 4.2. Taylor’s
models and my log regressions for the same cases are shown in log space in Figure 4.3.
From his brief explication in the text, I infer that Taylor (1961) arrived at his estimates of
the parameters a and b by plotting the data on log-log paper and drawing lines by eye.
The models I obtained by fitting regressions in log space were always very close to those
Taylor fit, although Taylor's fits tended to reflect slightly higher estimates of b (Figure
4.3). In linear space, the log models almost always tracked below the exponential models
(and Taylor's fits) through some or all of their range, deviating progressively as X
increased.
My log estimates of b were usually in reasonably close agreement with Taylor's
estimates; the estimates of a were somewhat less so (Table 4.2). The exponential
estimates usually differed more from Taylor’s estimates than did those of the log
regressions. The exponential model tended to produce smaller estimates of a and larger
estimates of b than the log model, as was the case with my own data (Chapter 3).
Corresponding log and exponential estimates of a differed significantly from each other
for four out of ten data sets (Table 4.2). The same was true for estimates of b,
demonstrating that these two approaches are not equivalent. Except in case 2, the models
exhibited significant nonlinearity.
The log regressions performed better than the corresponding exponential
regressions in their own space by several measures. The R2 values of the log regressions
tended to be slightly higher than those of the corresponding exponential regressions,
sometimes significantly so (Table 4.3). For each data set, the spread of log residuals was
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relatively uniform, whereas the spread of the exponential residuals typically increased as a
function of X (Figure 4.4A,B). The log residuals tended to be more nearly normally
distributed than those of the corresponding exponential regressions (Figure 4.5A,B) and
to exhibit more uniform variance (Figure 4.6).
Fitting linear regressions in log space thus improved a number of the properties of
the regressions over fitting exponential regressions in linear space. But what were the
consequences for the quality of the description of the original relationship? First,
consider what the regression statistics reveal about the quality of fit of the two models in
the original space (Table 4.3). The sum of the absolute deviations (SAD's) from each
exponential regression was always comparable to, if not less than, that of the
corresponding backtransformed log regression. Moreover, the MSE of the exponential
regression tended to be substantially less than that of the corresponding log regression.
Together, these statistics tell us that the fits of the exponential regressions tended to be at
least as close overall as those of the log regressions, but that they were more consistently
close. The log regressions tracked closer to some points at the expense of others,
resulting in large deviations that contributed disproportionately to the MSE. Finally,
although the R2 values in log space were usually relatively high, the R2 values of the
backtransformed log regressions in the original space were comparable to or lower than
those of the corresponding exponential regressions (Table 4.3). Thus the R2 values
calculated in log space provided an overestimate of the explanatory power of the log
regressions in linear space. In linear space, the exponential regressions explained as
much or more of the variability. MSE and R2 values of corresponding regressions could
deviate considerably even when the estimates of b were not significantly different.
Next, I compared the distributions of the residuals in linear space. The
backtransformed residual distributions differed substantially from those of the residuals in
log space, and provide important insights into the effects of the log transformation. Like
that of the exponential residuals, the spread of the backtransformed residuals typically
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increased with X, but did so in a more asymmetrical manner (Figure 4.4B.C). The log
residuals also exhibited a progressive positive bias, often resulting in a significant first- or
second-order correlation with increasing X. Such a correlation is normally interpreted as
indicating that a higher order term should have been included in the model (Draper and
Smith, 1981). Since the two models were mathematically equivalent, I conclude that the
model applied to transformed data was less able to track the true variance to mean
relationship as the variance increased, resulting in progressive bias in the residuals. As a
result, the distributions of the backtransformed log residuals were not as normal or
symmetrical as those of the exponential residuals (Figure 4.5B,C).
A number of illuminating differences consistently emerged between the log and
exponential models. The log model tended to produce larger estimates of a and smaller
estimates of b than the exponential model. When I compared the two models in their
respective spaces, I found that the log regressions tended to explain a higher proportion
of the variability and to meet more nearly the assumptions of normality, independence and
homoscedasticity of the residuals. Thus, transformation improved the properties of the
data for purposes of least squares regression. However, when I compared the two
models in linear space, I found that the log regressions tended to lie below the center of
gravity of the data, whereas the exponential regressions were more centrally positioned
and better able to track the curvilinearity in the data without systematic bias. The
exponential regressions tended to explain a higher proportion of the variability, and thenresiduals were more symmetrical, more nearly normal, and more likely to be independent.
These results mirror almost exactly the patterns that I observed in my own data
(Chapter 3). I, too, found that the exponential model tended to produce smaller estimates
of a and larger estimates of b than the log model. I also found that transformation
improved the properties of the residual distributions, although the effect was less
pronounced than with Taylor s data sets. In my data sets, change in spread of the
residuals with increasing X (as in Figure 4.4) was evident even in the transformed space,
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whereas in Taylor's data sets the spread of the transformed residuals was far more
uniform owing to the absence of 0 counts. Another minor difference concerned the R2
values; in Taylor's data sets the magnitudes of R2 of the log regressions in log space
tended to be higher than those of the corresponding exponential regressions in linear
space, whereas the reverse was true for my data.
I obtained similar results in the original space as well. As was true of Taylor's
data sets, my SAD's indicated that the exponential regressions tended to track as close or
closer to the points than the corresponding backtransformed log regressions, and I found
that the MSE’s of the backtransformed log regressions were often substantially greater
than those of the exponential regressions. The distributions of the backtransformed
residuals were asymmetrical and often dependent on X, reflecting the tendency of the
backtransformed regressions to track increasingly below the center of gravity of the data.
The R2 values confirmed that the exponential regressions often exhibited significantly
greater explanatory power in the original space. Both Taylor's data sets and mine
demonstrated that log transformation improved aspects of the data structure for purposes
of fitting linear least squares regression, but did not result in models that more
satisfactorily described the relationships in the original data.

Generalized Effect of the Log Transformation

In order to illustrate most simply the effects of data transformation, I created a
small artificial data set from points that fell along two curves, Y =

and Y = X2-5

(Figure 4.7A). When these points were subjected to the log transformation, they fell
along two lines, Y = 1.5X and Y= 2.5X (Figure 4.7B). The best fit for the transformed
points was obviously the line Y = 2X, which split the difference between the two sets of
points. However, when this curve was backtransformed, it did not come close to
splitting the difference between the points in the original space (Figure 4.7A). The curve
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that did split the difference was Y - 0.56x2-47. As was typical of corresponding log
and exponential regressions fit to Taylor’s and my data, this curve was characterized by a
smaller estimate of a (0.56 vs. 1) and a larger estimate of b (2.47 vs. 2) than the curve fit
in log space.
This example highlights the differential effect transformation has on the residuals.
Transformation increasingly compresses the magnitude-and therefore the influence~of
deviations with increasing values of Y. Apparent close fits (small deviations) in the
transformed space (Figure 4.7B) translate into large deviations in the original space when
Y is large (Figure 4.7A). Further, the change in magnitude of positive deviations is
greater than that of identical negative deviations. As a result, when a regression centrally
located among points in log space is backtransformed into linear space, it is further on
average from points having positive deviations than from those having negative
deviations, an asymmetry that becomes more pronounced as X increases. This in turn
causes the distributions of the backtransformed residuals to be positively skewed and
correlated with the mean.
A related process occurs in the X dimension. The influence of each point is
characterized by its leverage,4 which is a function of its squared distance from X (Figure
4.8). Transformation causes all X values to be shifted leftward, but large X values are
shifted much more than small ones. For points well to the left of the center of gravity, the
log transformation increases the relative distance from Xt, the mean of the transformed
values, and therefore increases their leverage. Similarly, the log transformation decreases
the relative distance of points far to the right from Xt, thereby decreasing their leverage.
For points close to X, however, the effects on leverage are reversed because Xt is slightly
less than the transformed value of X. As a result of such shifts in leverage, the influence
of points with small X values tends to be amplified, while that of points with large X
values tends to be diminished.
4Leverage, hi, is defined as hi = 1/n + (Xi-X)2/£(Xi-X)2.
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Thus the double logarithmic transformation produced two independent but
complementary effects. Transformation reduced the relative influence of points having
large X or Y values while increasing the relative influence of points with small values.
The differences in the regression coefficients generated by the log and exponential models
resulted from this effective reweighting of points following transformation. Because X
and Y were positively correlated, points tended to segregate into those whose contribution
was doubly discounted and those whose contribution was doubly augmented by
transformation. The larger magnitude of most exponential estimates of b reflects the fact
that points in the region of large X and Y were important contributors to the nonlinearity
of the exponential models.

Effect of Size of the Sample Unit on a and b

Taylor concluded that a was a function of the size of the sampling unit, whereas b
was a "true population statistic," by implication independent of such effects. Ironically,
Taylor included two data sets that would have allowed him to test these conclusions
directly, but did not do so. Jones (1937; case 6) obtained three separate estimates of the
variability of soil counts of wireworm larvae for each of three sample unit sizes for up to
25 fields. As described above, Fleming and Baker (1936; case 11) counted Japanese
beetle larvae in every square foot (block) of four 50 x 50 foot plots of sod, then calculated
the variability of counts when the blocks were recombined into units comprised of 1,2,
4,9,50, or 100 adjacent blocks. (Their estimates of variability are compromised
somewhat by virtue of including different numbers of blocks, from 25 to 2500, but even
25 variates should provide reasonably stable variance estimates.) In both cases, I fitted
log and exponential regressions to the original data for each sample unit size, then
examined the behavior of a and b.
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The magnitude of the coefficients of the wireworm data did not exhibit any
obvious or consistent trends in response to a 16-fold difference in sample unit size.
However, the Japanese beede coefficients did manifest sensitivity to five-fold and larger
differences in sample size (Figure 4.9). Consistent with Taylor's conclusion, sample unit
size had a far greater proportional effect on estimates of a than of b. However, the
estimates of b also varied significantly, suggesting that both parameters were sensitive to
the sampling method. In every system I examined in which repeated sampling was
conducted including my own, the estimates of a exhibited greater variability than those of
b (Tables 3.1, 3.2 4.2), even when the sample unit size was held constant (Tables 3.1,
3.2). The evidence suggests that a is typically more variable than b, but not necessarily
because of sample size effects.

Discussion

Taylor (1961) claimed to have shown that an exponential relationship between the
variance and the mean is a widespread property of the spatial distributions of natural
populations, and concluded that the coefficients cl and b were characteristics of the
sampling method and the population, respectively. On the assumption that this
exponential relationship is the product of biological forces, subsequent theoretical work
has endeavored to uncover its underlying biological mechanisms (e.g., Anderson et al.,
1982). While I do not dispute that animal spatial distribution data are appropriately
characterized using an exponential model, careful scrutiny of Taylor’s work demonstrates
that his conclusions are rigorously supported by a more limited body of data than he
cited.
Many of Taylor's models cannot strictly be employed to support his thesis. In
using data obtained from pesticide trials and other anthropogenic manipulations (cases 10,
12,13,18, and 20), Taylor modeled spatial distributions that have no biological
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combined data obtained using different sampling techniques on numerous occasions
(cases 1, 10, 11, 14, 15, 16). Taylor’s use of averaged data sets (cases 4, 5, 9, 16, and
18), in which the noise that characterizes actual population distributions was greatly
reduced, affected both the magnitude and uncertainty of the parameter estimates, as well
as the degree of correlation between the variables. The consequences of
pseudoreplication (cases 10 and 11) were more difficult to discern owing to limitations of
the original data, but probably incorporated all of the above effects: combining sample
units of different size, reducing the apparent noise, and altering the uncertainty (and
probably the magnitude) of the parameter estimates. The cases compromised by these
technical weaknesses cannot contribute to our understanding of the properties of natural
population distributions.
Taylor concluded that the magnitude of a depended on the size of the sampling
unit, whereas b represented "an intrinsic property of the organisms concerned." In order
to defend these conclusions, it would be necessary to compare the parameter estimates
obtained from repeated sampling of several populations using a range of sample sizes.
Fleming and Baker's (1936) data suggest that both a and b are sensitive to sample unit
size, although the strength of this conclusion is seriously limited by the small number of
points and lack of replication at each sample unit size. More recently, by simulated
sampling of computer-generated clustered populations, Sawyer (1989) has convincingly
demonstrated that b is indeed responsive to quadrat size. On the other hand, my
simulations of repeated sampling of cranberiy fruitwoim egg distributions (Chapter 3)
showed that estimates of a and b from of the same species or population may differ even
when the sample size is held constant. Thus, available evidence indicates that neither a
nor b is as stable as Taylor suggested. It appears premature to conclude that population
dispersion can be characterized by a single estimate of b.
The remaining published data sets cited by Taylor provided consistent
corroboration of the conclusions I drew in my exploration of cranberry fruitworm egg
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distribution (Chapter 3), suggesting that the patterns I elucidated have broad applicability.
In both cases, log models tended to generate higher estimates of a and lower estimates of
b than exponential models, and the parameter estimates differed significantly about one
third of the tune. Although fitting linear regressions to log-transformed data resulted in
curves that were characterized by relatively high r2 values and the best residual
distributions, these properties were not robust against backtransformation. The
backtransformed regressions were characterized by relatively low r2 values and
progressively skewed residual distributions. In contrast, the exponential regressions,
which were fit directly in the original space, had relatively symmetrical residual
distributions, indicating that they were more centrally located with respect to the data. As
a result, they often had smaller mean square errors and greater explanatoiy power. For
these reasons, I conclude that the exponential regressions provided better descriptions of
the variance to mean relationship.
While the shortcomings of the distributions of the backtransformed residuals do
not compromise the validity of the regressions in log space, they are important because
they help to characterize the differences between the fits of the two models in the original
space. Competing models can be fairly assessed only by comparing their performance in
the same space. Their properties in linear space are important irrespective of where they
were fit, simply because that is where the data were originally collected and where they
ultimately must be understood. Both Taylor's data and mine demonstrate that fitting a
model in transformed space compromises its explanatoiy power in the original space.
Modelers should be encouraged to fit and interpret models using their original data in
linear space.
Although the log and the exponential models I employed were mathematically
equivalent, they did not necessarily produce statistically equivalent results. The
differential effect of transformation on positive and negative residuals and its
disproportionate compression of residuals with increasing Y force the two models to
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operate under substantially different constraints, with the consequence that they may
arrive at different descriptions of relationships in the data. This process is mostly clearly
illustrated in Figure 3.7, which demonstrates that the model that achieves the best fit on
one scale may nevertheless provide a relatively poor fit on another. Although the two
approaches will achieve comparable results with many data sets, it is clear that the most
reliable way to obtain an optimal description of the data in the original space is to fit the
model there.
While my results lead me to favor use of the exponential model, both models have
advantages and drawbacks. The overarching weakness of the log model-its tendency to
produce off-center fits~has already been elaborated. Another important drawback of
using the log model is that 0 counts have to be excluded or altered in some way (adding 1
to all counts is customary). Both of these affect the magnitude and uncertainty of the
parameter estimates (Chapter 3). It is important to bear in mind that Taylor (and others)
employed transformation in describing nonlinear relationships largely because
technological constraints restricted him to linear models; today, ubiquitous computing
power makes it as easy to fit a nonlinear model directly to the untransformed data.
Nevertheless, under some circumstances use of the log model may be preferred.
It often achieved better fits than the exponential model in the region of small X, which
would be advantageous if this was the only region of interest. (However, the exponential
model regains its advantage if these are the only points that are included in the model.)
Moreover, the log model is less sensitive to changes in the positions of individual points,
particularly in the region of large X and Y, and may therefore be appropriate if the level of
uncertainty in the data is correlated with its magnitude. Perhaps the greatest value in
fitting a log model is as an indicator of the suitability of the exponential model. If a loglog plot results in a linear alignment of points, then the exponential model would be
appropriate for the original data.
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The primary drawback of fitting an exponential model is its sensitivity to isolated
points, which limits the stability of its estimates. Its use is also more complicated; the
iterative algorithms involved may fail to converge or converge to highly improbable
parameter estimates if wide fluctuations are present in the data, making post hoc
manipulations of the tolerance (the required degree of closeness of successive parameter
estimates) necessary. These in turn require higher levels of familiarity and confidence
with modeling on the part of the investigator than the more straightforward linear model.
Neither model was particularly successful with noisy data; in such cases, it is particularly
important to scrutinize a model's fit-in the original space-before deciding whether it is
an appropriate one to use. On the other hand, the exponential model has important
advantages. In addition to producing better residual distributions, it preserves the original
weighting of the points, and can be fit directly to all data. Happily, modem computing
power virtually ensures that the mechanics of model fitting need never be the limiting
factor in deciding which model is most appropriate.
Although Taylor identified the variance to mean relationship as exponential, he
was limited to using linear models, and so was compelled to transform the data into log
space in order to perform his analyses. When I explored the consequences of employing
Taylor’s approach versus those of applying the exponential model directly, a broad array
of data demonstrated that the form of the model employed will affect the results that are
obtained and therefore the conclusions that will be drawn. However, while the effects of
transformation have important consequences for the explanatory power of the model, they
are very difficult to anticipate. Therefore, I urge investigators to focus their visual,
graphic, and algebraic analyses on the properties of candidate models in the original
space. A model fit in the original space has a better likelihood of responding to the
unique characteristics of each data set, and to give each component its due weight.
Unless specific considerations militate against it, curve-fitting in the original space is
more likely to produce models that are unbiased, powerful, and robust.
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Table 4.1. Taylor’s data. Amended version of Table 1 in Taylor (1961). The column
headed Sample indicates the number and kind of measurements that contributed to each
point in the regression. The column N indicates the number of points in the regression.
Taylor often failed to differentiate between the number of values that contributed to each
point and the total sample size as well as making other careless errors, which are
identified and corrected in boldface. Data from unpublished studies are omitted.
Case !
1
2

Species
Tellina tenuis
clams
European
chafers

Sample

Range of

N

Observer

0.72 - 47.5

0.49 - ?

5

Holme, 1950

25 1-ft2 soil
counts

0.20 - 9.72

0.26 - 14.93

74

Average of ?
fields (20? 4”
soil cores/field)
Average of ?
fields (20? 4"
soil cores/field)
Weighted avg.
of means of 25,
50 & 100 1-ft2
soil counts

0.20- 4.65

0.40 - 17.80

35

0.20 - 4.65

0.39 - 22.50

35

Yates and
Finney, 1942

4

0.39- 10.89

0.58 - 59.14

24

Jones, 1937

2,5

0.48 - 15.04
L5.38 - 237.56

0.343 - 51.86
65.13 - 3265.86

50
17

unpubl.
OK
4,5

2.95 - 382

5.55 - 46,701

2.76 - 1914

5.90 - 210,000

16
16
5
36

Heath, 1956
Waters, 1955
Kleczkowski,
1949
Beall, 1939,
1942; Milne,
1959
Fleming and
Baker, 1936

95 - 1750

1444 _ 194,480

4

93 - 1822

169 - 18,769

4

0.84 - 85.6
40.8 - 381.5

2.5 - 2292
441 - 29,584

10
4

6.7 - 970

88.5 - 180,220

18

20.6 - 137.5

223 - 7900

16

i 2-36 counts in
sand

3
4

Flying insects
Agriotes spp.
wire worms

5

Agriotes spp.
wireworms

6

Limonius spp.
wireworms

7
8'
9

Gall midges
Spr. Bud worms 25 twig counts
TNV virus
4 half leaves
lesions
Colorado potato 8-2304 counts/
2-20 ft of row;
beetles
7 plot counts
Japanese beedes 25-2500 1-ft2
soil counts
Zooplankton
10 counts on microscope slide grid
Zooplankton
10 counts on microscope slide grid
Ixodes (ticks)
20-86 sheep
60-150 2" soil cores
Enchytraeid
worms
2-154 fields, 5 Com borers
10 stalks/field
Thrips imaginis 20 roses

10

11
12
13
14
15
16
17

18

Leather jackets

19
20

Earthworms
Red spider
mites
Haddock
Earthworms
Symphylella
spp.
Scutigerella

21
22
23
24

Range of m
1

3.10- 63.50

|

3.5 - 409.0

B urrage and
Gyrisco, 1956
L. R. Taylor
Yates and
Finney, 1942

Litdeford et al..
1940
Litdeford et al..
1940
Milne, 1943
Nielson, 1954
Meyers and
Patch, 1937
Davidson and
Andrewartha
1948
Bardett, 1936

27 samples of
20 leaves/tree
4-47 trawls

4.5 - 31.8

90 - 55,100

7
54
6

1.3-31.4

39.1 - 633,397

16

20 2.5” soil cores
ea. fr 3-6 sites
20 2.5" soil cores
iEIL_ ea. fr 3-7 sites

1.8 - 31.8

0.49 - 690

5

Gerard, 1960
Daum and
Dewey, 1960
Taylor, 1953
Gerard, 1960
Edwards, 1958

1.3-31.4

0.64 - 1250

6

Edwards, 1958

2 1-ft2 soil plots

* Status codes on next page
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Status*
2
OK
unpubl.
4

1,2,3,5

2,3
1
1
OK
OK
4
OK
.

1,4,5
unpubl.
1
OK, 5
unpubl.
OK
OK

^Status codes (for amplification, see text):
1. Distributions are not biologically based.
2. The data set combines points based on significantly different sample units or
techniques.
3. The data set has been amplified by pseudoreplication.
4. Means and variances from the original data set have been combined into frequencv
classes based on the magnitude of the mean (cases 6, 16 and 18) or some unspecified
criteria (cases 4 and 5).
y
5. Taylor analyzed the data in the form reprinted in Bliss and Owen (1958) rather than
the way they appeared in the original paper. In case 6, weighted averages of means
and variances of different sample unit sizes were computed. In case 11, samples
were combined into classes on the basis of the magnitude of the means and average
variances calculated for each range of means. In case 18, the data were derived from
a pesticide trial. Case 10 included data from three sources. The first (n=16) was
published in Bliss and Owen (1958) and was appropriate, but the third (n=5) reused
the same data, and so constitutes pseudoreplication. The second data set (n=16) was
taken from a pesticide trial as well as having a different sampling unit from the first
In case 21, there were three discrepancies with the data published by the original
authors. Two of these appeared in Bliss and Owen (1958) and the third was Tavlor's
copying error.
3
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Table 4.2. Estimates of regression coefficients. Estimates of a and b from Taylor (1961) for selected cases and from
corresponding log and exponential regressions. Error terms indicate the width of the 95% confidence intervals for a and b. Error
terms for log a represent half the overall width, although the actual Cl's are asymmetrical. () indicates cases for which the data
configuration used in my analysis (the original) differs from that employed by Taylor. Corresponding log and exponential
estimates of b followed by the same letter are not significantly different at p = 0.05 by a separate t-test.

cd cd cd X cd

a

ocncmod'
• • • • •

Q. o o o o o

X

cd X

ed X X

m oo o COCO rt’-'ON
04 CO On OO

i-h O O O O

+1 4-1 4-1 +1 4-1 -H +1 +1 4-1 4CO h VO o o rH OO rt Tt ON

OVO^-OIO
• • • • •

O CO Tt «o

h t—< *—< cN *—< 04 04* 1—< r-< CO

o

<D

cd cd cd cd cd cd cd cd cd cd
O- 04 04 OO OO VO VOrfr rJ-CS

a>

O

i ^

i 04 O 04*0 Tj- in

••
••
OJD O• O•••••
O O O —I oo oo
O
6
4-1 +1 +1 +1 +1 4-1 +1 4-1 +1 4-1
Cd

to

On‘00'04«0«0 VO IO) UOIO

w

On« co•••••
co co co m 'sf• «o• in•«
on

O

1

1

1

1 h h 0404

U

©
03

co o o
O rONj-d1

X

Tf

NO O uo
VO OO CO
•
•
•
1
• 04

cd X)

«o

cd
cd X> cd *0 cd rj- On O
:ON VO
' lO tt O On

o
o

r.

^ o <1 d O O cd
° ° +i ^ +i 4-1 ^ 2+i
W +i +i +1^+1^ vo+l O'
IT) r—(
CL,
X °

iO H(SlO'-iOO
(SOOOVOO
•
«
•
•
•

O oo

cd cd cd cd

cd
cd 04

—' o o o o O
ed
04

04

*->
03

s
4—>
Cfl

wot1

o

-5 O IO NO NO
^ c"~5

rH

+1 ® +1 +1 +1 -H

4-1

§o
cd cd

04 ON
CO T-<

o

< OO

+1 +1 -H 4-1

O' Tt
oo 04
O' O' «o
oo• Onm tJ-« oo« rt♦ O'«
CO
•
t-H Q
O Q r-H 04

Elj

o
OO

u
©
03

«o

o

OO o

04*

O O' O VO
O' 04 *0 «-< 04 i-h

o VO

«0 VO

O
<D

£ 73
p .S

- » a .s>
si s s
1 o> _g
«
p ■£
g5 . w>
Jj 60 2 .5
S3 -C G a
'•3 §
O 73 n. ^
Jgfl

1 *2 S jj *§
•s
X .£

Cd §

o- o
9*73
c?
-a p

o
a>
x
3
CO

a>
O ^ O' ’—< rH
a o4 vo OO On ON *—< t—i t—< o4 04

U

186

13 £

• 4—*

a!;Gn

03

w

x
W

C o
<U w
g
.
O CN
P, ,♦
X ^
<l) <D

<ri <N vo XXX
<N cn
oo Tj- co
•

w

wo

C 03
sq ^

o I't 0 0\

0**0
K
o
<U <—>
H co
O ~
O -a

c^C-

X X X X|
< CN VO OO |
(N CP r-

o ©
*£L *o
in vo -h
OOO O
“ O Oo
r-H r-H r-H r-

co co xxx X X X xj
«0
(N
r- oo|
*-< io co «-<* oi in t-

e c
o
*^

03

•

t"" Tf CN

txoS

•q S

•

■vfr vo in

B

O.
't (OOO
X jOv f" OO O X
< <N
W
.
CO ^
Q
vo

O O ©

O ON
O CO
vo CO
—I

X

k

X X
«0 i< CO

00

. »-(

h'&Qi

OJDf,

c3 O

C
*Sb£
•G ^

O
nJ

On oo r^-

•S*
S a

a o^T-Hor^vor^ov^fcNco

Mo
J9 +->
oo
G <L>
•«-< CO

sg

.2-3
8-e

x o-ovoooocomoNior-ov
W
4>
J3

,13
>

g>*

8

In

*"■ «D
W) oo

0 000000 0*00

CN oo On r"> *n 4—< on »—< vo co

M
u
G
fiQ

o O* o’ O* 0*00*00*0

w

% £2 £2 *£> ^ CO <N

c-.oor-t^o^Ttvoioioco

|G5

O »_

S'2.O

o {On ONONOv^t^tOvt^ONON

<D

ioooooooooo

<4-t

00

00

<L> 3
3 13

13 >
> W

i5'^f5t^'P'oovo*ovo
h-(NlO^ CS rH T-< r-C
r-C

es oo
&

S

00

O
*X3
C/3

■3 Q
B<
00 GO
G oo

CO

•

O 03

OO 33
C/3 «u
£
& oo
<D
G .
C*
W-CN•
CO G
•^t

.2

«

o
a>

£
3
cw

CO

ES°o
H
H •
*H
H

H

CO

CO

co o ^ O <l>

Oj£pq> > CJ H F ffi ffi
a>
co
G (N VO OO ON go ^
U

^ ^

8 -o
3 Gb^
3
c
H s>
H • i-H

187

Figure 4.1. Regressions on tobacco necrosis virus lesion data in linear space. (A)
Backtransformed version of Taylor's model and exponential and backtransformed log
regressions for virus data tabulated into frequency classes by Bliss and Owen (1958) and
used by Taylor. (B) Exponential and backtransformed log regressions on original data
from Kleczkowski (1949). Consolidation of the data resulted in dramatic increases in the
strengths of the correlations.
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Variance

Variance

Figure 4.2. Regressions on selected data cited by Taylor in linear space.
Backtransformed versions of Taylor’s models and corresponding exponential and
backtransformed log regressions. Coefficients of regressions appear m Table 4.2. (A)
European chafers. (B) Wireworms. (C) Spruce budworms. (D) Sheep ticks, (E) Apple
blossom thrips. (F) Haddock.
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Figure 4.2. Continued
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Figure 4.2. Continued
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Figure 4.3. Regressions on selected data cited by Taylor in log space. Log regressions
in log space corresponding to the backtransformed log regressions in Figures 4.1 and
4.2. Taylor’s models are included for those cases in which the data were analyzed in the
same configuration.
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Figure 4.3. Continued
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Figure 4.4. Residual distributions. (A) Residuals of the log regression in log space vs.
X, the mean, of the original tobacco necrosis virus data. (B) The residuals of the
corresponding exponential regression in linear space. (C) The backtransformed log
residuals in linear space, which exhibited a significant linear correlation with X (p =
0.0062). The same scale was used on the X axis to facilitate comparison of the two
graphs.
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Figure 4.5. Normal probability plots. Expected standardized residual values vs.
residuals of the log regression in log space for European chafer data. (B) Residuals of
the corresponding exponential regression in linear space. (C) Backttansformed log
^
residuals in linear space. Residuals with a perfectly normal distribution would lie along
the line.
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Figure 4.6. Residual variance. (A) Variance of residuals of the log regression in log
space vs. X for European chafer data. (B) Variance of the residuals of the corresponding
exponential regression in linear space. Size of circles reflects the number of points
contributing to the variance estimate at each value of X (from 2 to 16). The same scale
was used on the X axis to facilitate comparison of the two graphs.
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Figure 4.7. Generalized effect of transformation. Illustration of asymmetrical effect of
transformation on location of regression and magnitude of residuals using an artificial
data set constructed from points lying along the lines Y=X • andY=X •
(A) An
exponential model fit directly to the points in linear space yields Y=0.56X * , which
bisects the backtransformed points. (B) Following log transformation, the points lie
along straight lines. Fitting a linear regression to these data yields Y-2X, which bisects
the points in log space. However, the location of the backtransformed log regression,
Y=X2> in Unear space is markedly below the exponential regression and the center of
gravity of the data (shown in A). In B, residuals i and ii are of similar magnitude, and
residuals ii and iii are identical. However, following backtransformation, residual n is
much larger than residuals i or iii (shown in A).
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Figure 4.8. Leverage. Leverage of each point of the regressions in linear (open circles)
and log (filled circles) space for Colorado Potato Beetle data.
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Figure 4 9 Effect of sample size on parameter estimates. (A) The magnitudes of
estimates of a of the exponential (filled circles) and log (open circles) regressions as a
function of sample unit size for soil samples of Japanese beetles (Fleming and
»
1936). (B) The magnitudes of estimates of b. Sample sizes range from 1 to 100 square
feet in area.
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CHAPTER 5

A NEW IPM SCOUTING DECISION PROTOCOL BASED ON TAYLOR'S
POWER LAW FOR CRANBERRY FRUITWORM EGGS IN
CRANBERRIES

Introduction

Cranberries, Vactinium macrocarpon (Ericaceae), are an increasingly important
crop of acid bogs in the northern US and Canada. The fruits grow individually off of
recumbent perennial vines on short shoots known as uprights. Petal fall begins in late
June, and the berries mature throughout the summer and early fall. Commercially
managed bogs can produce yields as great as 25 metric tonnes per hectare, worth
approximately US$ 1000/tonne. Cranberries are the most important agricultural crop in
Massachusetts, accounting for approximately $10 million in annual revenues to growers.
The most important pest of cranberries in Massachusetts is the oligophagous
cranberry ffuitworm, Acrobasis vaccinii (Riley) (Pyralidae), which accounts for over
50% of insecticide use. The female moth lays her eggs individually inside the calyx on the
underside of the developing host fruit. Upon hatching, the larva crawls to the top of the
fruit, aligns itself along the stem, and eats its way inside, where it lives and feeds until the
berry is consumed. The larva then eats its way into another fruit, and in this manner may
consume up to eight fruits (Franklin, 1948) before emerging to pupate and overwinter in
the substrate.
The current principal means of control is chemical. Because the larvae are
relatively well-protected from sprays while inside fruits, pesticides target the egg and
adult stages during the period of oviposition. In the past 15 years, growers adopting the
practices of integrated pest management have engaged scouts to collect random samples
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of 60 berries/hectare and to check them for the presence of eggs. The application of an
insecticide spray is recommended if any eggs are found, irrespective of the number of
berries checked or the lateness year. Any population that is detectable at any time is
assumed to warrant control. However, scouting was initiated with only approximate
knowledge of the relationship between infestation level and yield loss. A 1% infestation
is widely assumed to result in a 3% yield loss, and to be sufficient to warrant control.
Further, there is no systematic knowledge regarding the distribution of eggs or the
relationship between the probability of detecting eggs by scouting and the true infestation
rate. Therefore, the confidence that can be placed in recommendations derived from
current scouting practices is uncertain.
My objectives were to quantify the relationship between infestation level and yield
loss, to develop a general model to characterize the spatial distribution of eggs in bogs,
and to develop and test a new scouting protocol based on that distribution. To measure
the yield loss resulting from various infestation levels, I conducted replicated trials in
which infested berries were set out in field plots. Although the infestation levels I tested
did not result in detectable reductions in yield, I was able to track the fates of individual
eggs and measure survivorship and damage. I used Taylor's Power Law (Taylor, 1961)
to quantify the variance to mean relationship of fruitworm egg spatial distribution. By
simultaneous repeated scouting and intensive sampling of bogs, I was able to establish
the relationship between the apparent infestation rate obtained by scouting and an estimate
of true infestation rate determined by sampling. I then used the models based on the
Power Law to generate decision functions to identify infestations warranting control
given one of two possible thresholds. The decision functions were tested and revised
through the use of computer simulations and the revised decision functions formed the
basis of new scouting protocols. The performance of one of the new protocols was then
compared to that of the old protocol in field trials involving intensive scouting of five
commercial cranberry bogs.
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Methods

Determining the Relationship Between
Infestation Level and Yield Loss

To investigate the relationship between percent infestation and yield loss, five
different infestation levels were established in one square meter field plots replicated 5
times in a randomized block design. Several precautions were taken to eliminate
opposition from wild populations. Plots were sprayed 4 or 7 days prior to the first
introduction of infested berries (this killed any eggs that had already been laid) and the
experiment was not begun until adult emergence of the natural population had tapered off
(this prevented subsequent opposition). Any berries Psibly damaged were removed
from plots by hand prior to setting out infested berries. In 1992, as a further precaution
against opposition by wild females, plots were covered with screen exclosure cages. In
1993, the wild population at the experimental site was monitored with a pair of
pheromone traps; no males were recovered immediately prior to or during the experiment.
Also, large numbers of berries from adjacent areas of bog were collected 2 to 4 times per
week throughout the experiment and were consistently free of eggs.
To obtain eggs with which to infest field plots, field-collected larvae from the
preceding year were allowed to overwinter and complete their development in the
laboratory. Pairs of newly-emerged adults were placed in Plexiglas and screen cages and
proPded with benies on uprights that had been collected from the field and placed in
florists’ water piks. The berries were checked regularly for Pable eggs. Eggs take 5 to 7
days to hatch and were put out in field plots when they were between 2 and 7 days old.
Infested plots were created by putting out 0, 1 ,3,10, or 30 infested berries in
each one square meter plot, corresponding to infestation levels of roughly 0,0.05, 0.15,
0.5 and 1.5%. Infested berries were not put out all at once, but were set out on 6
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occasions (Table 1), spanning 17 days in 1992 and 14 days in 1993, simulating the
natural pattern of opposition. Infested berries were placed out 2 weeks earlier in 1993
than in 1992.
Plots were harvested by hand in September, a few days prior to the harvest of the
rest of the bog. First, each pik was located and the status of the infesting egg and its
berry were recorded. A careful search was made of all berries within a radius of roughly
15 cm of the pik, and all fruitworm-damaged berries were collected and counted. This
distance is probably an overestimate of the distance traveled by larvae searching for fruit,
especially when fruit is relatively abundant, as in these plots. The remaining fruit was
harvested with a hand scoop and the berries were counted and weighed.

Modeling Egg Spatial Distribution and
Development of the Decision Functions

To characterize the spatial distribution of eggs, I conducted intensive sampling of
fruitworm populations at five sites on six occasions. Each bog was divided into between
nine and 19 plots of equal area, and on each sampling occasion two to four (depending on
the sampling occasion and conditions) randomly located samples were taken within each
plot. During the first season, all the berries in a fixed area were collected, then 50 berries
were selected at random and examined for the presence of eggs. In the second season, 50
berries were collected from within each quadrat (the size of the sampled area varying as
needed to obtain 50 berries) and all were checked for infestation.
The mean and variance of the number of eggs found per 50 berries (= per quadrat)
were calculated for each plot. I combined the data from all plots on all sampling
occasions to obtain a general model that described the variance to mean relationship of the
spatial distribution of eggs in commercial bogs. Extensive analysis of the behavior of
two putative models (Chapters 3,4) had shown that the most appropriate model to use to
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describe the relationship between the variance (*2) and the mean egg density (m) was the
exponential form of Taylor's Power Law
= arrP.
I compared the results of using this model with those obtained using the logarithmic form
of the Power Law
Ln s2 = Ln a + b Ln m,
and found, as anticipated, that these two forms of the model did not yield equivalent
results. In order to fit the log model, quadrats whose mean and/or variance equaled 0
were excluded (as the log of 0 is undefined).
On two sampling occasions, I also scouted bogs repeatedly in order to determine
the relationship between infestation estimates obtained by these two procedures. The
methods used to select berries when sampling and scouting differ in that intensive
sampling entailed collection of all berries within quadrats, irrespective of size or location
within the foliage, whereas scouting favors larger berries near the surface of the foliage,
which are likely to be more accessible to ovipositing fruitworm.
Using an approach inspired by Ruesink (1980), I used the characterization of the
variance to mean relationship provided by Taylor's Power Law to generate functions
identifying the minimum number of eggs that one could expect to find 95% of the time as
a function of sampling intensity in bogs having 1.0 and 0.5% infestation levels. One
percent was chosen because it is currently a widely accepted threshold; 0.5% because I
anticipate that future economic analysis may justify a lower threshold. These functions
defined the upper bounds of step functions that identified the minimum number of berries
it would be necessary to examine in order to detect 0.5 and 1.0% infestations with 95%
confidence. These step functions constituted decision functions that could be used to
determine whether the number of eggs found by scouting indicated that an insecticide
spray was warranted.
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Testing the Decision Functions and Development
of a New Scouting Protocol

I evaluated the decision functions using computer simulations to determine
empirically their success at correctly identifying infestations warranting control. I
simulated scouting by using an APL function (program) (APL.68000 for the Macintosh,
1988) to conduct repeated random samplings of 16 data sets representing real and
artificially-constructed bogs representing a range of infestation rates from 0.5% to
4.14%. Artificial bogs having infestation levels of particular interest were constructed by
random removal of infested berries from data sets derived from real bogs. At least two
different data sets were created at both threshold infestation levels. Between 1000 and
5000 simulated samplings were conducted at every sampling intensity tested on each data
set. I explored the impact on the failure rate of the number of berries sampled, the
infestation rate, and, to determine the effect of the spatial distribution of samples, the
proportion of bog sampled. The decision functions were modified slightly based on the
results of the simulations, and new scouting protocols were developed based on the
revised decision rules.
In a subsequent field season, the old and new scouting protocols for a 1%
infestation were compared through intensive scouting of five commercial bogs. Scouting
was conducted between July 14 and August 18, beginning roughly 10 days after routine
application of the first (regularly scheduled) ffuitworm spray. Every bog was scouted
using the old and new protocols on each scouting occasion. When the results of two
protocols differed, the grower was given the recommendations of the new one. The
proportion of fruitworm-damaged berries in each bog was determined at harvest in order
to determine whether the new protocol ensured an adequate level of control.
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Results

Determining the Relationship Between
Infestation Level and Yield Loss

I had designed my experiments with the expectation that yield loss would be
approximately five times the initial infestation level. However, the number of damaged
fruit was on the same order as the infestation level, and therefore did not result in
detectable reductions in yield.
Although I was unable to correlate infestation level and yield loss, I was able to
determine the fates of the individual eggs that were set out in both years, and to compare
them with those of eggs raised under laboratory conditions. In the field, approximately
half of the eggs failed to result in damage to any fruit (Figure 5.1 A,B), for a variety of
reasons (Figure 5.2). Even the majority of successfully established larvae damaged only
1 or 2 berries (Figure 5.1A,B. Less than 20% of eggs resulted in damage to more that
two berries. As a result of high mortality, there was only 1.2 damaged berries per
infested berry in 1992 and 0.86 damaged berries per infested berry in 1993.
Several factors caused mortality before a caterpillar could establish itself in any
fruit (Figure 5.2). In the majority of cases, the egg hatched but the larva never entered
the berry. Presumably, these succumbed to desiccation, were knocked off the fruit, or
were found by predators or parasitoids before they could crawl to the top of the fruits and
begin to eat their way in, but the contribution of the various larval mortality factors in the
field has not been systematically investigated. In about 15% of cases, the larva began to
eat its way into the fruit, but died before it could do a significant amount of damage. In
other cases, the berry fell off the upright, the egg fell off the berry, or the egg died.
These mortality factors are probably largely attributable to experimental manipulations,
particularly in the first season. The reduced mortality from these factors in 1993
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undoubtedly reflects more refined experimental technique and gives a truer picture of their
contribution to larval mortality.
In the lab, a much larger proportion of larvae successfully established themselves
in fruit (Figure 5.1C), resulting in damage to about twice as many fruits per larva as in
the field (2.3 damaged berries per infested berry). However, once established, the
amount of damage resulting from a larva in either environment was similar: established
larvae damaged an average of 2.3 berries in the field and 2.5 berries in the lab. This
indicates that larvae are relatively well protected once they have penetrated a host fruit.
Larval mortality prior to establishment in the first fruit is far more important than
subsequent mortality.
To determine whether the phenological delay in creating the experimental
infestations could account for the low damage levels, I compared the numbers of larvae
that became established and the numbers of fruits those larvae consumed on the different
dates on which infested eggs were set out in the field (Table 5.1). No significant
differences were detected, although in 1993 there was a minor but consistent trend toward
increasing success in establishment over the course of the season. No other temporal
trends were evident. Thus there was no evidence that phenological differences over the
interval during which eggs were set out were responsible for reductions in fruitworm
damage; larvae from eggs that were set out later were, if anything, more likely to cause
damage than those set out earlier.

Modeling Egg Spatial Distribution and
Development of the Decision Functions

The data from all sampling occasions was combined to develop a generalized
model of egg spatial distribution. Fitting the exponential model yielded
s2 = 0.795m2-01,
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while fitting the log form of the model yielded
Ln s2 = 0.495 + 1.45Ln m,
which can be expressed in exponential form as
s2 = 1
The track of the exponential model was more centrally located among the data,
particularly at large X (Figure 5.3A). However, it did track slightly below the log model
in the region where X<3 (Figure 5.3B).
Next, I compared estimates of infestation levels obtained by scouting and
intensive sampling. Scouting resulted in significantly higher estimates of infestation level
(Figure 5.4), the infestation level identified by scouting overestimated the actual
infestation rate by a factor of 1.5 on one occasion, and a factor of 2.1 on the other. This
is advantageous for monitoring purposes; infested berries are more likely to be detected
by scouting than by random sampling. I made the conservative assumption that the
infestation level detected by scouting would be at least 1.5 times the actual infestation
level. Therefore, to detect actual 0.5 and 1.0% infestations, it would be necessary only to
detect apparent infestations of 0.75 and 1.5%.
I developed decision functions that would make it possible to identify apparent
0.75 and 1.5% infestations with 95% confidence. Separate decision functions for each
threshold were derived from the exponential and log models. To do so, I calculated the
variance associated with each threshold infestation rate according to each model. For
each rate and associated variance, I determined the minimum number of eggs one would
expect to find in n independent samples (quadrats of 50 berries) from a bog. This
corresponds to the lower limit of the 95% confidence interval of the expected number of
eggs that would be found, for which the generalized formula is
x - ts.
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For repeated sampling from a bog having a mean infestation of m eggs per quadrat with
variance

the expected number of eggs in n samples is nm and its variance is aA1

Therefore, the lower 95% confidence limit for the sum of n independent samples
corresponds to
nm - t(o.95>^/n
where Wn is the standard deviation of the sum of n samples. Because only the lower
limit of the confidence interval was of interest, a one-tailed t was used.
Figure 5.5 shows the expected numbers of eggs that would be found as a function
of sample size (1) and their associated lower 95% confidence limits for apparent 1.5% (m
= 0.75, s = 0.668) and 0.75% (m = 0.375, s = 0.333) infestations (2), based on the
exponential model. Because the number of eggs that can be found is restricted to integer
values, the decision functions must be step functions (3) bounded by the lower
confidence limits. According to the decision functions, the minimum number of berries
that must be sampled to detect an apparent 1.5% infestation (corresponding to an actual
1.0% infestation) 95% of the time was 287, and to detect an apparent 0.75% infestation
(corresponding to an actual 0.50% infestation) was 365. For larger sample sizes, the
number of eggs signifying threshold infestations increased (Figure 5.5 and Table 5.2).
Figure 5.6 and Table 5.2 show the same relationships based on the log model for
apparent 1.5% (m = 0.75, s — 1.04) and 0.75% (m = 0.375, s — 0.629) infestations.
The decision functions derived from the log model indicated that the minimum number of
berries that must be sampled to detect an apparent 1.5% infestation was 455, and to detect
a 0.75% infestation was 680. The larger minimum sample sizes reflect the fact that the
log model predicted higher variances at the threshold infestations (Figure 5.3), resulting
in broader confidence limits.

iThe variance of a sum is the sum of the variances, when there is no covariance among samples.
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Testing the Decision Functions and Development
of a New Scouting Protocol

Computer simulations demonstrated that the decision functions based on the
exponential model (referred to henceforth as the exponential decision functions) provided
reasonably good estimates of the numbers of benies required to detect 1.5% and 0.75%
infestations with 95% confidence. When the 1.5% decision function was applied to three
different 1.5% infestations, the failure rate (the percentage of sampling occasions on
which a threshold or higher infestation was not detected) was well below 5% if 200 or
more berries were sampled (Figure 5.7A). This failure rate was somewhat lower than
that predicted by the model, which indicated that a minimum of 287 berries would be
required to ensure a failure rate of not more than 5%. Higher infestations were almost
certain to be detected if 200 berries were sampled (Figure 5.8). The failure rate increased
significantly as the proportion of bog sampled decreased at all sampling intensities tested
(Figure 5.9A).
Simulations indicated that, if the exponential decision rule was followed, even
subthreshold infestations (down to 1.25% or below) would be detected at least 95% of
the time (Figure 5.7A). In order to reduce the probability of recommending a spray for a
subthreshold infestation, the results of the simulations were used to revise the 1.5%
decision function so as to maintain the failure rate for a threshold (1.5%) infestation as
close to 5% as possible (without exceeding it) over the range of sampling intensities
tested (Figure 5.7B). This amounted to shifting the locations of the steps, or critical
values, of the decision function slightly to the left (Table 5.2, Figure 5.10A), making it
less conservative.
While the revised decision function was less conservative than the decision
function based on the exponential model, the log decision function was much more
conservative than either. The steps of the 1.5% log decision function were located far to
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the right of those of the exponential decision functions (Figure 5.6A), entailing much
more intensive sampling (Table 5.2). The simulations confirmed that the decision
function based on the exponential model was more nearly appropriate than that based on
the log model.
The 0.75% exponential decision function proved also to provide correct spray
recommendations with levels of confidence very near those predicted by the model
(Figure 5.11). Asa result of the simulations, the locations of the critical values of the
decision function were shifted, but again only slightly (Table 5.2, Figure 5.10B). In
contrast to the revisions of the 1.5% function, the first and second steps were shifted in
opposite directions; the first was too conservative (fewer berries were required to detect a
0.75% infestation than predicted), the second not conservative enough (more berries were
required to ensure detection of two infested berries). Again, the revised decision function
was much closer to the original exponential than to the log decision function (Table 5.2)
and the failure rate tended to increase as the proportion of bog sampled decreased (Figure
5.9B).
Based on the results of computer simulations, I recommend that scouts collect a
minimum of 200 berries to detect (actual) 1% infestations, and 350 berries to detect 0.5%
infestations. Because bogs vary widely in size (from 0.1 hectare to five hectares or
more), it is necessary to include an additional factor to maintain a minimum sampling
intensity per unit area. Preserving the structure of the previous protocol, I recommend
collecting a minimum of 125 berries per hectare to detect a 1% infestation, which
represents a doubling of scouting intensity. Bogs under two hectares would require more
intensive scouting (per unit area) to achieve the 200 beny minimum. To detect a 0.5%
infestation, a minimum sampling intensity of 200 berries per hectare is recommended.
On larger bogs, when the protocol results in the collection of more than the minimum
number of berries, the number of infested berries resulting in a spray recommendation
should be based on the revised critical values given in Table 5.2.
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The performance of the old and new scouting protocols was compared in field
trials. I scouted 5 bogs two times a week on a total of 36 occasions. The two methods
yielded the same recommendations about three quarters of the time (Table 5.3), but
provided conflicting recommendations on eight occasions. On two occasions, the new
protocol, owing to its greater sensitivity, indicated that a spray should be recommended
when the old one did not. On six occasions, however, the old protocol resulted in a
spray recommendation when the new one, owing to its higher threshold, did not.
Overall, the new protocol resulted in a 57% reduction in spray recommendations.
Fruitworm damage on the scouted bogs was estimated in one of two ways either
shortly before or at time of harvest. In three cases, berries were collected in a small
number of random plots and the proportion of damaged berries calculated. Since
fruitworm damage is quite characteristic, this method permitted relatively accurate
estimation of the proportion of damaged fruit In two cases, an estimate of the "percent
poor" berries made when the berries were delivered for processing was used. This
method is less accurate because it includes damage from other factors, and because
damaged berries are less likely to be harvested and are therefore underrepresented in
damage estimates. Four bogs were characterized by very low damage levels, well within
commercial thresholds (Table 5.4). The fifth exhibited unusually high damage, but this
damage may be attributable to failure to follow an early season spray recommendation.

Discussion

Determining the Relationship Between
Infestation Level and Yield Loss

I was surprised to find that the number of damaged fruit, and therefore the
reduction in yield, was much less than I had expected based on literature and grower
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reports that each fruitworm typically consumes from 5 to 8 fruits during its development
(Franklin, 1948). While I expected percent loss to be approximately five times the initial
infestation level, they were almost equal. When I obtained these results in 1992,1
assumed that some aspect of the experimental design or execution was responsible for the
discrepancy. The most likely culprit was the relatively late interval during which infested
berries were set out, beginning 3 to 4 weeks after peak opposition of the wild
population. Also, August in that year was atypically cool, which undoubtedly retarded
maturation of the larvae and could have resulted in increased mortality. However, I
obtained similar results the following year, although the infested berries were put out two
weeks earlier. I am compelled to conclude that mortality in the field is considerably
higher than previously recognized.
I looked for evidence of phenological effects within the experiment and found that
eggs that were put out later in the season were if anything more likely to lead to
successful colonization of at least one fruit and that their larvae consumed as many fruits
as those put out earlier in the season. However, I attribute their greater success to a
progressive refinement of experimental technique. Another possibility is that
environmental factors such as lower temperatures may have favored first instar survival
later in the summer. In any event, the few changes that occurred over the two week
periods during which eggs were set out do little to shed light on the discrepancies
between literature reports of larval impact and those I observed two to four weeks after
peak opposition.
Can one conclude that the level of damage observed in these experiments is
representative of the natural situation? Three aspects of the experimental design actually
may have resulted in a tendency to overestimate the damage resulting from each infested
berry. First, all eggs used in the experiment were viable, whereas there is naturally a
small percentage of nonPable eggs. Second, the use of picked berries may have resulted
in a detectable reduction in host quality, inducing the larvae to search for a second fruit
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earlier, hence resulting in increased damage. On the other hand, the fact that the berries
were atypically large allowed larvae to feed within them for an extended period,
increasing their chances of survival when they finally were forced to search for a second
fruit.
However, three factors related to the experimental design would tend to result in
underestimates of the damage. First, the large berries that were used may have resulted in
increased mortality of newly hatched larvae, because these larvae had significantly further
to travel to their preferred entrance point at the top of the fruit, and therefore were
vulnerable to environmental and biological hazards longer. Second, the use of large
berries allowed the larvae to complete more of their development in the first beny,
reducing the number of additional berries needed in which to complete their development.
Moreover, the other bemes available during the experiment were also considerably larger
than those available at peak opposition, further reducing the number of berries needed (a
few larvae apparently needed only one). Finally, in 1992 the experiment was conducted
so late in the season that some larvae were not able to complete their development As a
result, a number of late instar larvae were found at harvest. However, none were found
in 1993.
In short, the most important differences between the experimental conditions and
those existing during peak opposition are related to the size of available berries.
Although larger berries may have been a factor in reducing mortality of early instar larvae
by postponing their search for additional fruits, the predominant effect of larger berries
was probably to reduce the number of berries consumed. Therefore, the losses in my
plots undoubtedly underestimate the losses to larvae that emerge during the peak
fruitworm period when the average beny size is considerably smaller. The mortality of
newly hatched larvae at the time of peak opposition and the impact of berry size on
surPvorship and damage merit additional attention.
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Modeling Egg Spatial Distribution and Development
of a New Scouting Protocol

The pattern of oviposition by cranberry fruitworm provides an unusual
opportunity for model testing. Because females almost invariably lay eggs singly inside
the calyx of the host fruits, this system can be modeled assuming a one-to-one
correspondence between fruits and potential oviposition sites. Thus oviposition sites are
discrete, finite, and easily collected and checked. Unlike many other insect systems,
sampling can be used to construct a comprehensive description not only of the sites where
eggs are present, but of the sites where they are absent This in turn makes it possible to
create data sets representing real or artificial bogs that can be used to conduct unlimited
simulated resamplings in pursuit of a variety of questions relating to the distribution of
eggs. In the past (Chapters 3,4), I have used this property to explore the behavior of
competing theoretical models for the description of animal distributions. In the present
report, I have used it to test and refine scouting decision protocols based on Taylor's
Power Law.
Taylor's Power Law constitutes a powerful tool for modeling spatial relationships
of populations. It can accommodate widely differing densities within the same model; in
fact, it performs best when such information is available. In this case, for example,
average pest densities ranged over one order of magnitude, from 0.7 to 7%, in the
commercial bogs I sampled (Table 5.5). In contrast to statistics such as the relative
variation, which apply only at a particular density, fitting the Power Law provides a pair
of parameters that describe the variance to mean relationship over the entire range of
densities measured. The information from all densities is brought to bear on the shape of
the model at every point The model's characterization of the variance to mean
relationship at a single point, such the threshold density, is informed by the nature of the
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relationship at all densities, allowing an investigator to have relatively high confidence
therein.
The exponential model obtained by fitting Taylor’s Power Law to my data was
more highly nonlinear (as measured by the magnitude of b) than the log model, as is
typical when the two forms of the model are fit to the same data (Chapters 3,4). The
magnitudes of a and ft were well within the ranges of values obtained when the individual
data sets were modeled individually (Table 5.5), as well as those obtained from the data
sets modeled by Taylor (1961; Chapter 4).
The data analyzed herein demonstrated that the statistical processes involved in
fitting the exponential and log forms of the model can yield quite different results, as I
have shown before. After extensive exploration of the behavior of the two forms of the
model, I previously concluded that the exponential form does a better job of capturing the
nature of the variance to mean relationship (Chapters 3,4). Therefore, I favored this
model for the development of the decision function, but included the log model to
illustrate once again that different curves may be generated by the two models and that
these differences have important consequences for pest management strategies developed
therefrom. As is typical when exponential and log models are fit to the same data set
(Chapters 3,4), the log model tracked slightly above the exponential model at small X,
but fell progressively below the center of gravity of the data as X increased (Figure 5.3).
In the region incorporating the threshold densities, the exponential model predicted lower
variances than the log model. As a result, the decision functions based on the exponential
model entailed less intensive sampling than the ones based on the log model.
The simulations demonstrated that the decision functions based on the exponential
model was more appropriate than the ones based on the log model. This strongly
corroborates the conclusion that the exponential model provides a better description of the
variance to mean relationship of cranberry fruitworm egg distributions, at least in the
neighborhood of threshold pest densities. Even the exponential decision functions
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usually resulted in detection of threshold infestations with higher confidence than
predicted (or necessary), so that the critical values were modified in most cases so as to
make them less conservative. Even so, the success rate of the revised decision functions
remained greater than 95% at sampling intensities located between the steps of the
decision functions. For example, when sampling a 1.5% infestation, the failure rate for
the revised 1.5% decision rule was 5% when 200 berries were sampled, but decreased to
near zero as more berries were sampled up to 325 (Figure 5.7B), when the number of
infested berries triggering a spray recommendation jumped from one to two (Table 5.2).
For infestations above the threshold, the failure rate was always much lower than 5%.
Thus, under most conditions, the simulations demonstrated that the revised exponential
decision rules can be expected to detect infestations requiring control more than 95% of
the time.
The differences in infestation estimates obtained from scouting and sampling had
fortuitous consequences for the development of the decision functions. Whereas all
berries are equally likely to be included in sampling, the berries selected during scouting
exhibited a higher infestation rate than that of the bog as a whole. The disparities between
these techniques support the assumption that fruit worm are more likely to oviposit on
larger berries located at or near the surface of the canopy, which are the berries most
likely to be selected in scouting. Because the natural biases of scouts in selecting berries
elevate the probability of detection of fruitworm infestations, the number of berries that
must be collected can be reduced.
The new 1% scouting protocol was more sensitive than the old protocol in that it
involved checking twice as many benies, but nevertheless it resulted in fewer spray
recommendations in field trials, indicating that it was generally more conservative. The
results of the field trials suggest that the new protocol is sufficiently sensitive and
conservative to identify dangerous infestations reliably, even though an adequate level of
control was not maintained in one out of five bogs. Use of the new scouting protocol
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was unlikely to be the culprit in this case because it resulted in a spray recommendation
on the second scouting occasion (which was not followed). Assuming an early season
dangerous infestation was present, the new protocol failed to detect it at most once,
whereas the old protocol never detected any infested berries. A more likely reason for the
loss of control was the fact that the spray recommendation was not followed. Since the
new protocol was developed in 1994, it has been used successfully in many commercial
bogs. In contrast to the old protocol, no loss of control has been reported. Thus current
evidence suggests that the new 1% protocol can maintain acceptable control while
resulting in fewer sprays.
It remains important to correlate infestation levels and yield losses, as well as to
compare the economic values of losses with the costs of scouting and control. The 1%
threshold should be validated by economics as well as being sanctioned by custom.
However, one of the advantages of this approach is that is lends itself readily to revision;
new decision functions can easily be generated (using the exponential model and the
formulae given in this report) and tested via simulations as better information becomes
available regarding the losses associated with different infestations levels and also as the
economics of control fluctuate.
Ironically, the simulation method that I used to test the decision functions based
on the Taylor's Power Law models could have been used on its own to identify the
critical values of a decision function without benefit of any underlying theoretical model.
However, the models provided starting values for the decision functions, which focused
the simulations and thereby accelerated the process of development of the new scouting
protocol. The critical values in the revised decision functions were extremely close
(usually within 10%) to the starting values derived from the exponential model. Above
and beyond the computational advantages afforded by use of the theoretical model,
however, the veiy closeness of the agreement between the theoretical and empirical
critical values of the decision functions provides highly satisfactory confirmation of the
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appropriateness of the exponential form of Taylor's Power Law in the development of
sampling protocols of this sort.
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Table 5.2. Critical values of decision functions. The minimum number of berries that
must be collected in order to find the indicated number of infested berries 95% of the time
from bogs with apparent 1.50 and 0.75% infestations, corresponding to 1 0 and 0 5%
threshold infestations, respectively. The columns headed " Based on Model" correspond
to the positions of the steps of the exponential and log decision step functions shown in
Figures 5.5 and 5.6, respectively. The column headed "Revised" shows values
recalculated on the basis of results of simulated sampling.

No. Eggs
Found
1.50%

1
2
3
4

Minimum No. of Berries to Sample
Based on Model
Exponeri.
Revised
Log
287
367
447
530

455
550
645
740

200
325
425
500

365
525

680
875

350
560

0.75%

1
! 2
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Tabic 5.3. Results of scouting. Distribution of spray recommendations from scouting 5
commercial bogs on 36 occasions using old (60 berries/ha) and new (125 berries/ha)
scouting protocols simultaneously.
v
/ a;

Protocol
'VL-TUW

60 Bernes/
hectare

Recomm'n
...
Spray
No spray
total

125 Berries/hectare
Spray
No spray
1
6
2
27
3
33
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Total
7
29
36 .

Table 5.4. Damage estimates. Number of sprays recommended by old and new scouting
protocols, number of sprays applied and damage found after following spray
recommendations of new scouting protocol in five different bogs. Damage estimates
were obtained either by random sampling of berries before harvest (Rdm sam) or from
calculation of the "percent poor" berries made when the crop was delivered for processing
(Pet poor). For fuller explanation, see text.
6

Bog area

0.8
1.4
2.9
3.0
3.6
Total

Sprays recommended
Old Prot. New Prot.

0
1
4
2
0
7

1
1
1
0
0
3

Sprays
applied

0*
o**
1
0
0
1

Method
dam. est.

Damage

Rdm sam
Pet poor
Pet poor
Rdm sam
Rdm sam

10.6%
1.2%
1.4%
0.7%
2.7%

* Spray recommendation was not followed.
** Scouting using the new protocol resulted in one spray recommendation, but, on the basis of results of
simultaneous intensive sampling, the grower was advised to disregard it.
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Tabic 5.5. Coefficients of corresponding exponential and log models. Number of Dlots
(n), infestation rates, and coefficients of individual exponential and log models for the six
data sets used as the basis of the general models developed in this study.
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Figure 5.1. Pattern of damaged berries. Proportion of infested berries associated with
damage to indicated numbers of berries in field experiments in 1992 and 1993 and in lab
experiments in 1992.
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Figure 5.2. Mortality factors. Proportion of eggs succumbing to various mortality
factors in field experiments in 1992 and 1993.
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Figure 5.3. Taylor’s Power Law models. (A) Fit of exponential and log models to
composite data from 6 bogs (n=102 plots). For equations, see text. (B) Expansion of
above curves in region where X<4.

240

241

Figure 5.4. Sampling vs. scouting. (A) Distribution of 10 estimates of infestation level
obtained by repeated scouting of the same bog on the same day (1041 berries total).
Their mean is indicated by the vertical line on right. The mean infestation level estimated
by quadrat sampling of 1850 berries is indicated by the vertical bar on the left. The
estimate obtained by scouting is 1.5 times the estimate obtained by sampling. (B) Same
comparisons for another bog. The estimate obtained by scouting 17 times (3521 berries
total) is 2.1 times the estimate obtained by quadrat sampling of 2150 berries.
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Figure 5.5. Derivation of exponential decision functions. (A) Decision function if the
threshold infestation is 1.5%. The expected number of eggs that would be found as a
function of number of berries sampled from a bog characterized by a 1.5% infestation
(1), lower limit of the 95% confidence interval of the expected number of eggs based on
the exponential model (2), and step function indicating the minimum integer expected
number of eggs (3). (B) Same for a 0.75% threshold in a bog characterized by a 0.75%
infestation.
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400

Number of Berries Collected

500

600

Expected Number of Eggs Found

Figure 5.6. Derivation of log decision functions. Same as Figure 5.6, but the
confidence intervals are based on the log model. (A) Decision function if the threshold
infestation is 1.5%. (B) Decision function if the threshold infestation is 0.75%.
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Expected Number of Eggs Found

Expected Number of Eggs Found

Figure 5.7. Percent of infestations undetected with a 1.5% threshold. (A) Percentage of
simulated scouting occasions on which the 1.5% exponential decision function failed to
detect an infestation of the indicated magnitude. Three different bogs with 1.5%
infestations were tested; the composite curve shown depicts the highest failure rate at each
sampling intensity. In general, the failure rate decreased as the number of berries
sampled increased. The ripples in the failure rates occur because the number of infested
berries required to identify a threshold infestation increases with sampling intensity (see
Table 5.2). Each point represents at least 1000 samplings. (B) Percentage of occasions
on which the revised 1.5% exponential decision function failed to detect an infestation of
the indicated magnitude. The steps of the decision function have been modified to
maintain the failure rate for a 1.5% infestation as close as possible to 5% (without
exceeding it).
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Percent of Infestations Undetected

Percent of Infestations Undetected

Figure 5.8. Effect of infestation rate. Percentage of infestations undetected as a function
of infestation rate when 200 or 250 berries were sampled, corresponding to the
proportion of sampling occasions in which no infested berries were collected. Note that
the failure rate for a 1.5% infestation is slightly less than 5% when 200 berries are
sampled, indicating that 200 is a conservative minimum sample size.
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Figure 5.9. Effect of proportion of bog sampled. (A) Effect of percent of quadrats
sampled on the percentage of infestations undetected by the revised 1.5% exponential
decision rule when 200 (filled circles) or 350 (open circles) berries were sampled. (B)
Same for the revised 0.75% decision rule when 350 (filled circles) or 560 (open circles)
berries were sampled. There was no significant correlation when 350 berries were
sampled.
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Figure 5.10. Revised decision rules. (A) The revised decision step function for a 1.5%
threshold. Critical values of the step function are given in Table 5.2. (B) The same for a
0.75% threshold.
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Figure 5.11. Percent of infestations undetected with a 0.75% threshold. Percentage of
simulated scouting occasions on which the revised 0.75% exponential decision function
failed to detect an infestation of the indicated magnitude. Two different bogs with 1.0
and 0.75% infestations were tested; the composite curves shown depicts the higher failure
rate at each sampling intensity. The increases in the failure rates above 550 berries
occurred because the number of infested berries required to identify a threshold
infestation increased (see Table 5.2). Each point represents at least 1000 samplings.
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